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Abstract 

Purpose: This study examines the impact of artificial intelligence (AI) in an educational setting. 

Specifically, it examines the roles of personalization, visual attention, perceived AI usefulness, and 

learning motivation in financial literacy using AI are examined. By investigating these factors, this 

study aims to improve the interaction between users and AI.  

 

Design/methodology: A between-subjects design was used with 117 students from Radboud University 

in the Netherlands. Participants were randomly assigned to a personalized or non-personalized 

condition, and comparing these responses provided insights for designing AI assistants in educational 

settings. The experiment was conducted using the Wizard-of-Oz (WOZ) method, and IBM SPSS 

Statistics and SmartPLS are used to analyze the laboratory experiment data. 

 

Findings: Personalized content has a positive effect on students’ learning motivation, but perceived AI 

usefulness fully mediates this relationship. Furthermore, there is no evidence that personalization 

influences visual attention, and in turn, visual attention does not affect perceived AI usefulness. 

However, visual attention negatively influences learning motivation. The results show the importance 

of perceived usefulness as a key mediator for enhancing learning motivation. 

 

Theoretical implications: This study provides theoretical contributions to the field of AI, particularly 

in the context of education. Furthermore, this study enhances the methodology of research on AI in 

human-robot interactions. Additionally, this study contributes to the understanding of the factors 

influencing learning motivation and highlights the importance of personalization and perceived 

usefulness. 

 

Managerial implications: The findings offer valuable implications in the changing educational 

landscape. AI tools, when personalized and perceived as useful, can increase students’ learning 

motivation. Students’ majors and gender also influenced their engagement with AI.  
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1. Introduction  
Dutch students face increased study and financial pressures due to the COVID-19 pandemic 

(Dopmeijer et al., 2021; Stevens et al., 2020). Students’ mental well-being is generally average to low, 

with a significant proportion experiencing mental health problems (Stallman, 2010). Taylor (2019) 

mentions that financial insecurity is considerably affecting student well-being, even without a global 

pandemic. However, because of the COVID-19 pandemic, more students reported borrowing extra 

money. This has further impacted their mental health, with both current and expected student debt 

associated with poorer mental well-being and more psychological problems (Dopmeijer et al., 2021). 

This highlights a broader social problem: 60% of Dutch households are financially vulnerable nowadays 

(Groen et al., 2022). A lack of financial knowledge can lead to suboptimal decision making, with 

consequences for consumers’ financial health (Mandell & Klein, 2009). University students, whose age 

may make them bear the consequences of their financial choices for longer periods, are particularly at 

risk (Trivedi & Gupta, 2024). Improving financial literacy is crucial to enable them to make better 

financial decisions and improve their long-term economic prospects. 

In education, traditional methods of evaluating student learning are often limited by their static 

nature and inability to provide real-time tailored feedback for individual student needs (Chu et al., 

2022). Digital learning environments offer the potential for personalized learning pathways, enhancing 

students’ learning experiences and leading to better educational outcomes (Crompton & Burke, 2023). 

By analyzing learner data, AI can provide learning recommendations, identify student strengths and 

weaknesses, and provide personalized feedback (Abdar et al., 2021). This shift from a one-fits-all 

approach to personalized learning optimizes the effectiveness and efficiency of learning pathways 

(Klašnja-Milićević & Ivanović, 2021). Building on this foundation, it is relevant to explore how 

personalized AI systems can increase student engagement. The cognitive aspects associated with this 

engagement affect the processing of information and the resulting mental responses, such as thinking, 

ideas, interpretations, and problem-solving (Bustamante & Rubio, 2017; Keiningham et al., 2017). It is 

essential to understand how AI influences cognitive processes to promote more meaningful learning 

experiences. 

As AI becomes more prevalent in consumer interactions, perceived usefulness appears to be a 

critical factor influencing users’ willingness to accept AI assistance (Yuan et al., 2022). The utilitarian 

value of AI is determined by its perceived usefulness (Bettiga et al., 2020). Specifically on utilitarian 

value, Longoni and Cian (2020) argued that people believe that AI recommendations are more 

competent than human recommendations. Compatibility seems to have the strongest impact, indicating 

that personalization increases this value (Ameen et al., 2021; Huang & Rust, 2021). Fridman et al. 

(2018) also showed that compatibility of messages with user needs increases their willingness to process 

information. An effective method to trigger these actions is ‘message framing’, which involves 

manipulating the content or features of the message so that they are compatible with how subjects 
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pursue their goals (Aaker & Lee, 2001). In this study, message framing was used to personalize and 

tailor messages according to individual preferences. According to the elaboration likelihood model 

(ELM; Petty & Cacioppo, 1986), personalized communication increases cognitive activity; individuals 

pay more attention to and remember the message better (Tâm & Ho, 2006). Moreover, personalized 

communication strengthens the relationship between attitude and behavior (Briñol & Petty, 2008; Hunt 

& McDaniel, 1993). 

Understanding the effects of personalization on students’ learning and decision-making 

processes is crucial to improving their long-term financial health. Additionally, there is significant 

potential for innovative and impactful research and practice using AI in higher education (Easterday et 

al., 2018). In conclusion, there is both a theoretical and managerial need for research on integrating AI 

into financial literacy education, and the effects of personalization. 

Contributions 
This study makes several contributions to both theoretical frameworks and practical 

applications by addressing the various shortcomings and limitations identified in an AI context.  

Theoretical contributions 
First, similar to the customer journey, the learning journey requires engaging experiences that 

align with and evolve with individual needs. In this customer journey, personalization enhances the 

customer experience (McLean et al., 2018; Pappas et al., 2017); however, service robots often deliver 

standardized services, which negatively affects this experience (Hu et al., 2021). While personalization 

in education is not new, the advent of AI has introduced innovative ways to implement it and has 

significantly enhanced the learning process (Gligorea et al., 2023; Magomadov, 2020). In the literature, 

academics call for more research on how to incorporate AI personalization into human-robot 

interactions to improve the customer experience (Hu et al., 2020; Wu et al., 2020). 

Crompton and Burke (2023) demonstrated the potential of implementing AI in education 

(AIEd); however, their results were based on at least 50% of studies conducted in the areas of language 

acquisition, computer science, and engineering. This study addresses these limitations by demonstrating 

that AI has the potential to improve financial literacy learning outcomes, thereby broadening the scope 

of AI in education. 

Third, several studies have examined the relationship between perceived utilitarian value and 

AI assistance adoption (Longoni & Cian, 2020; Yuan et al., 2022). However, their research identified a 

gap in the impact of visual attention on perceived usefulness within an AI context. By examining this 

relationship, this study offers deeper insights into the factors that facilitate effective adoption of AI 

technologies. 
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 Finally, based on the findings of Kim et al. (2021), who were limited to interactions with spoken 

AI, a machine with no physical characteristics. However, in this study, a model in which AI interacts 

with users in a manner similar to human interactions is introduced. This approach not only counters the 

limitations of one-time exposure to video clips, as noted by Kim et al. (2021), but also improves the 

personalization aspect of AI and offers a new perspective on its impact on learning. 

Practical contributions 
First, it contributes to a clear understanding of the factors that influence the learning process 

when using AI education programs. This contributes to the adaptation of educational content according 

to the students’ individual learning preferences. 

Second, personalization increases students’ cognitive engagement, which is essential in an 

educational environment. Personalized AI interventions can help students process information more 

deeply, leading to a better understanding and retention of financial concepts. AI also enables advanced 

message framing, which can be tailored to individual learning goals and preferences, thus making the 

learning experience more relevant and engaging. This method improves the way education is delivered 

and enhances learning motivation. 

In conclusion, this study addresses various gaps in the literature and their practical needs. This 

research focuses on new insights into personalization, visual attention, perceived AI usefulness, and 

their joint impact on improving learning experiences in financial literacy education.  

Research objective  
To address these needs, this study aimed to evaluate the effectiveness of personalization in 

improving students’ financial literacy using AI. This is critical given the negative consequences that 

can arise from a lack of financial literacy. Therefore, it is crucial for policymakers to gain a clear 

understanding of the factors that influence the learning process when using financial education 

programs with AI. By examining how personalized AI interactions can improve financial literacy 

education, this study provides valuable insights into optimal strategies for delivering financial education 

through AI platforms.  

The goal of this research is to determine how personalized content influences visual attention, 

the perception of AI usefulness, and learning motivation. By investigating this, the study aims to 

improve the user-AI interaction. To conduct this research, the following research will be addressed: 

“How does personalization influence learning motivation, and what is the role of visual attention and 

perceived usefulness in the context of financial literacy education by AI?” 

This study aims to answer this question by conducting an experiment in which an AI assistant 

is employed in an educational setting, specifically focusing on financial literacy. This study aims to 

contribute to the understanding of the potential of AI in education, specifically in promoting financial 
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literacy among students. To conclude, this study examines the relationship between personalization, 

visual attention, and perceived AI usefulness in cognitive activity, and their influence on learning 

motivation. 

Outline  
The remainder of this research is structured as follows. The literature review first provides a 

comprehensive review of the relevant concepts reflected in the conceptual model, outlining the 

proposed hypotheses. This is followed by the methodology section in which the design, measurement 

techniques, data analysis procedures, participant selection, and research ethics are described. Next, the 

findings of the pre-test and experiment are discussed. To conclude, a discussion of the main research 

question is provided along with insights into theoretical and managerial implications, limitations of the 

study, and opportunities for future research. 

2. Literature review  
This chapter presents the theoretical background of the study, introduces the main concepts and 

control variables, and presents the hypotheses and the conceptual model. This study investigated the 

relationship between an AI assistant’s personalization capabilities, visual attention, and perceived AI 

usefulness, which ultimately contributes to subsequent behavioral actions (Huang & Rust, 2021).  

Financial literacy  
Researchers define ‘financial literacy’ as the ability to use knowledge and skills to manage 

financial resources effectively for a lifetime of financial well-being (Hung et al., 2009; PACFL, 2008). 

Financial literacy encompasses concepts ranging from awareness and knowledge, including financial 

products and institutions; financial skills, such as the ability to calculate compound interest payments; 

and financial capability, more generally in terms of money management and financial planning (Xu & 

Zia, 2012).  

Hilgert et al. (2003) also documented a strong relationship between financial knowledge and 

the likelihood of engaging in several practices. These include paying bills on time, tracking expenses, 

budgeting, saving out each paycheck, maintaining emergency funds, diversifying investments, and 

setting financial goals. In addition, financial literacy is positively correlated with planning for 

retirement, savings, and wealth accumulation (Ameriks et al. 2003; Hung et al., 2009; Van Rooij et al., 

2012). Moreover, low financial literacy is associated with negative credit behaviors such as debt 

accumulation and high-cost borrowing (Lusardi & Tufano, 2009; Stango & Zinman, 2009). 

To be financially literate, an individual needs to have basic financial knowledge about 

budgeting, insurance, saving, investment, credit, interest rates, and inflation; be required to handle 
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money carefully; consume it sparingly; have an attitude of saving for the future; and adopt a behavior 

in which shopping, savings, and investments are carefully evaluated (Alkaya & Yağlı, 2015). 

Artificial Intelligence (AI)  
Artificial intelligence (AI) was initially defined by McCarthy (2007) as “the science and 

engineering of making intelligent machines.” Since then, AI has advanced to encompass intelligent 

machines and algorithms capable of reasoning and adapting based on sets of rules and environments 

that simulate human intelligence (McCarthy, 2007). The latest definition of AI is that it can perform 

cognitive tasks, such as learning and problem-solving, using machine learning and neural networks 

(Zawacki-Richter et al., 2019). Hadi et al. (2023) also demonstrated that AI in education can contribute 

to automated essay grading, intelligent tutoring systems, and personalized learning.  

Applications of AI chatbots in education highlight a shift towards more personalized and 

interactive educational approaches (Labadze et al., 2023). For instance, Duhaylungsod and Chavez 

(2023) concluded that students perceive AI chatbots as highly accessible and useful tools for assisting 

with their academic tasks. Personalized AI-driven technology in educational settings can help create 

more effective, fun, and inclusive adaptive learning environments (Das et al., 2023). These 

developments massively change the paradigm of education by making the system more interactive, 

engaging, and motivating for learners (Bhutoria, 2022).  

Personalized AI assistants  
AI applications such as Spotify recommendations and virtual assistants such as Siri or Alexa 

are integral to daily life (Elliott, 2019). Furthermore, AI is increasingly viewed as a strategic educational 

tool offering customized learning that adapts to learners’ progress, interests, and skills to optimize 

effectiveness (Chen et al., 2020; Loeckx, 2016). This can optimize the effectiveness and efficiency of 

the learning experience.  

Zander et al. (2017) found that personalized language in multimedia learning improves 

motivation and outcomes. The self-reference effect explains that information related to a person is better 

organized and absorbed (Klein & Loftus, 1988; Rogers et al., 1977; Symons & Johnson, 1997). This 

relationship between information and learners’ self-reference, results in better processing of learning 

content (Moreno & Mayer, 2000; Reichelt et al., 2014; Rogers et al., 1977), and can result in better 

learning outcomes (Mayer, 2009). 

Finally, the Social Agency Theory (SAT) states that personalized learning materials that contain 

social cues elicit a social response from learners that makes them feel more connected to the content 

and more willing to invest effort in the learning process (Mayer, 2009; Moreno & Mayer, 2004). 

Therefore, the personalization effect on motivation and learning outcomes can be attributed to students’ 

greater engagement with the material when presented in a personalized and socially engaging manner. 
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Prior research has indicated that personalized content can positively affect attitudes and behavioral 

intentions (Kalyanaraman & Sundar, 2006; Li, 2016). This allows teachers to design learning 

experiences tailored to the needs of individual students and to improve their learning motivation and 

outcomes (Montag et al., 2020). Therefore, the following hypothesis is formulated: 

 

H1: Personalization has a positive effect on learning motivation.  

Customer experience  
Similar to the learning process, the customer journey involves creating experiences that align 

with an individual’s needs and evolve over time, making each interaction more relevant and impactful. 

Customer experience (CX) is a multidimensional, holistic construct consisting of interrelated 

dimensions - sensory (sense), affective (feel), cognitive (think), physical (act), and social (relate) - that 

form the overall customer experience. (De Keyser et al., 2015; Lemon & Verhoef, 2016). According to 

Venkatesan and Lecinski (2021), AI-powered technologies are crucial for personalization during each 

phase of the customer journey. Customized services enable consumers to benefit from decisions made 

by digital assistants that align their personal preferences with the available options (André et al., 2018). 

Several studies show that CX has an impact on key outcomes, such as customer satisfaction and 

customer loyalty, with the dimensions of CX playing a vital role in shaping these outcomes (Klaus & 

Maklan, 2013; Kusumawati & Rahayu, 2020; Lemon & Verhoef, 2016; Mokha & Kumar, 2021).  

Sensory dimension  
The majority of life’s most enjoyable experiences are inherently multisensory (Spence, 2002). 

Previous research has shown that multisensory integration increases the likelihood of the brain detecting 

and/or initiating a response to a stimulus (Stein & Stanford, 2008). Delving deeper into these 

dimensions, the sensory dimension of consumer interaction involves five external senses: sight, touch, 

sound, taste, and smell (Brakus et al., 2009). These senses operate continuously, and customer 

interactions typically evoke sensory perceptions (Gahler et al., 2022). The sensory organs collect stimuli 

(e.g., smell and sight) and transform them into signals that the brain can understand. These stimuli, 

experiences, and emotions continuously influence brain structures (Benson, 1979). Empirical evidence 

shows that gaze cues can affect high-level cognitive processes such as memory (Yin, 2022). Krishna 

and Schwarz (2014) noted that emotions and cognition work simultaneously, and cognition is affected 

by the senses. Sensorial experiences, emotions, and cognitive states influence consumer behavior 

(Krishna & Schwarz, 2014).  

 

Visual Attention  
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Building on the foundational role of sensory inputs in shaping cognitive processes, this study 

focused on visual attention. Visual attention involves the dynamics of head and eye gaze behavior, 

revealing that attention is related to head and eye movements (Doshi & Trivedi, 2012). Attention is the 

ability to select different sensory inputs, perceptual objects, thoughts, or actions for processing, whereas 

other inputs, objects, thoughts, or actions simultaneously occur in an individual’s environment (Talsma 

et al., 2010). It determines what the mind focuses on depending on our goals, previous experiences, and 

areas of interest (Styles, 2004). Additionally, personally salient information tends to attract more 

attention (Harris & Pashler, 2004; Mack & Rock, 1998). Thus, personalized content can attract more 

attention. Therefore, the following hypothesis is formulated: 

 
H2: Personalization has a positive effect on the visual attention. 

 

Research has indicated that content that provides information relevant to users’ search intent 

leads to increased visual attention. Conversely, off-topic or irrelevant information can annoy or distract 

users (Buscher et al., 2010). In this study, visual attention refers to the ability to focus on, select, and 

remain aware of specific locations or attributes within a visual scene. Increased fixations indicates that 

an object is noteworthy, which implies that the information is not understood or, conversely, that it is 

interesting to the user. When users spend more time looking at a particular element of the interface, it 

suggests that this element provides valuable information (Sharafi et al., 2015). Such engagement 

indicates AI usefulness, as it demonstrates that the content meets learners’ needs and enhances their 

ability to effectively perform tasks. Therefore, the following hypothesis is formulated: 

 

H3: Visual attention has a positive effect on the perceived AI usefulness.  

 

Furthermore, personalization can result in longer and more visual attention (Bang & 

Wojdynski, 2016; Pfiffelmann et al., 2020), more careful processing, and higher learning motivation, 

because it benefits perceptions of relevance (De Keyzer et al., 2015). Personalization of learning 

materials has also been found to help attract and retain learners’ attention. In conclusion, attention plays 

a crucial role in cognitive performance, memory, and learning (Posner & Patoine, 2009). Therefore, the 

following hypothesis is formulated: 

 

H4: Visual attention positively affects learning motivation. 

Cognitive dimension  
The cognitive dimension refers to a user’s intellectual stimulation and learning during 

interaction (Brakus et al., 2009). In the context of customer experience, cognition involves processing 

information from interactions with a business, encompassing mental responses such as thinking, ideas, 
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interpretations, language, problem-solving, and memories (Bustamante & Rubio, 2017; Keiningham et 

al., 2017). This study focuses on thoughts arising from these interactions. According to ELM, people 

are likely to process personally relevant messages through the central route, which relies on facts and 

information (Petty & Cacioppo, 1986). Personalized communication leads to greater attention, 

increased cognitive activity, and improved message retention.  

AI Usefulness  

Utilitarian value is defined as a consumer’s value based on task-related and rational 

consumption behavior (Babin et al., 1994; Batra and Ahtola., 1991; Engel et al., 1993; Sherry 1990b). 

The utilitarian value of an innovation such as AI is determined by its usefulness and is a critical factor 

affecting users’ willingness to accept AI assistance (Bettiga et al., 2020; Yuan et al., 2022). In online 

customer service environments, personalized services on e-commerce websites result in a higher 

perceived usefulness of services than non-personalized services (Liang et al., 2009). This improvement 

in perceived usefulness indicates that personalization directly enhances the utility of AI by tailoring 

content to users’ individual needs and preferences. Therefore, the following hypothesis is formulated: 

 

H5: Personalization has a positive effect on perceived AI usefulness 

 

Therefore, the perceived usefulness can act as an intermediary between personalization and 

learning motivation. Examining AI usefulness as a situational factor provides insight into how the 

practical benefits of AI influence the relationship between personalized content and learning motivation. 

Research indicates that when AI tools are perceived as useful, students engage more deeply with 

learning materials, showing increased interest and engagement (Li, 2023). Perceived usefulness is a 

factor that determines a learner’s attitude towards using an information system and eventually affects 

their actual performance (Huang & Liaw, 2018). In our case, the actual performance is measured by the 

motivation to learn using the system. Therefore, the following hypothesis is formulated: 

 

H6: Higher perceived AI usefulness has a positive effect on learning motivation.   

Key control variables 
In developing the conceptual model, several control variables were critical to ensure the 

robustness and validity of the findings. Adding or omitting a control variable can change the sign and 

significance of the estimators, which will alter the theoretical conclusions and causal inferences. If 

control variables are used wisely, they strengthen the conclusions by ruling out alternative 

interpretations (Li, 2021). The following control variables were identified based on the existing 

literature. 
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Gender 
Gender influences learning processes. Research conducted by Waliszewski and Warchlewska 

(2020) focused on attitudes towards AI in personal financial planning and found that there were no 

differences between men and women in their acceptance of AI for analyzing expenses and 

recommending improvements. However, differences were found only in Germany and the Netherlands. 

Here, men appeared to be more likely than women to have expenses analyzed by AI. Therefore, this 

study used gender as a control variable.  

Major 
According to Chen (1998), non-business majors are more likely to have less knowledge about 

personal finance than business majors. This expertise may affect their motivation to use AI tools 

designed for financial analysis or for personalized learning on financial topics. Students with greater 

financial knowledge are more likely to appreciate and effectively use personalized recommendations 

from AI, thereby increasing their motivation. 

Conceptual model 

  
Figure 1: Conceptual model  

3. Methodology  
The conceptual model presented in Figure 1 was tested in a laboratory experiment in which an 

AI assistant educated participants via subtitled videos. Subtitles are used because they improve reading 

comprehension (Linebarger, Piotrowski, & Greenwood, 2010), and increase students’ attention during 

lectures (Steinfeld, 1998). The experiment aimed to understand how personalized content, visual 

attention, and the perceived usefulness of AI affect learning motivation.   

This study integrated AI technology with attitudinal and behavioral measures to answer the 

research question. Behavioral data on participants’ visual attention and attitudinal data from the post-
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interaction survey were collected to assess cognitive and affective responses. This two-tailed approach 

provides a comprehensive understanding of participants’ reactions, encompassing both observable 

behavior and self-reported outcomes. This method bridges the gap between what the participants say 

and what they do, thereby providing a broader understanding of the studied components. 

Previous studies have examined the determinants of AI adoption; however, their findings are 

limited to spoken AI without physical characteristics. According to Kim et al. (2021), a single exposure 

to a video clip may have limited the perceptions of AI. Therefore, in this study, the AI model was 

designed to interact with users in a manner similar to human interaction, rather than presenting a fully 

pre-rendered script.  

Design  
This study investigates how an AI assistant affects financial literacy in an educational setting, 

using the Wizard-of-Oz (WOZ) method (Cheyer et al., 2001). In this experiment, participants interacted 

with a computer system that they believed was a robot but was controlled by a human. This stimulates 

human-human communication and creates mutual-adaptive behavior (Xu et al., 2009). This method 

provides insights into student behavior and attitudes without the need for an advanced AI system.  

During the experiment, content was manipulated using personalization. The participants were 

divided into groups. One received a personalized script tailored to individual interests (see Appendix 

7); and the other received a non-personalized script with all personalization principles removed (Alamri 

et al., 2020) (see Appendix 8). The scripts were generated using ChatGPT-4 (ChatGPT, 2023) and 

converted into videos using Vidnoz, an AI text-to-video generator (Vidnoz, n.d.). AI tutor Mula 

presented this content (see Appendix 10). 

In this between-subjects design, each participant experienced only one condition. Comparing 

the responses across groups offers insights for designing AI assistants in educational settings.  

Procedure 
To prevent bias, the participants were slightly informed of the actual purpose of the experiment. 

Before entering the laboratory, the participants were asked to complete a consent form that included 

several demographic questions (see Appendix 3). Participants were randomly assigned an ID of, 1-100 

for personalized content and 101-200 for non-personalized content. 

In the lab, participants interacted with an AI avatar and responded verbally in English. They 

were introduced to the eye-tracking equipment calibrated for each participant. The participants were 

instructed to keep their eyes on the screen, not touch the equipment, sit still, and not move. This process 

is monitored via a Teams call to the ‘wizard.’ The wizard controlled the laptop in the experimental room 

and ensured that the correct video was displayed.  
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Once the eye tracker was activated, the researcher left the room, the experiment began, and the 

AI avatar Mula introduced itself and started the interaction. During the response time, a “currently 

listening” video was displayed (see Appendix 10). This allowed the ‘co-wizard’ to record responses 

using Qualtrics. After answering closed-ended questions on perceived AI usefulness and other related 

items (see Appendix 9), participants could take a flyer on financial literacy using AI. Finally, 

participants were instructed to carefully remove the eye tracker and leave the room. 

Scenario for manipulation 
As previously mentioned, random allocation was used to place the participants in different experimental 

groups. Both groups started with a general script in which the AI introduced itself and asked several 

demographic questions (see Appendix 6). Personalization was manipulated based on participants’ 

interests. The personalized scripts were tailored to an individual’s preferences (see Appendix 7). In the 

non-personalized condition, the AI assistant followed the script without such considerations (see 

Appendix 8). This approach was based on the findings of Li (2016), who demonstrated the effectiveness 

of personalization in advertising. This study examines similar effects in an educational setting.  

A survey of 43 students determined the relevant financial literacy topics (see Appendix 4). The 

personalized scripts focused on the three most relevant topics within financial literacy chosen by the 

students. These are loans, investments, and budgeting. The non-personalized script focuses on the least 

relevant topic, retirement. Research suggests that perceived personalization, rather than actual 

personalization, determines the effectiveness of personalized messages (Li, 2016, 2019). Therefore, to 

reduce the likelihood of perceived personalization, a non-personalized script was chosen based on the 

topic that the survey found to be least relevant to students in general (retirement). 

Measurement  
In this experiment, personalization was manipulated. The experimental group, ID 1-100, 

receives personalized content tailored to the participant’s personal interests to mimic a personalized 

learning process. The control group, ID 101-200, receives generic content from the AI assistant. In total, 

there were two conditions in which a participant was randomly assigned. Other constructs, such as 

visual attention are measured by employing eye tracking, and perceived AI usefulness is measured with 

a combined scale from the existing literature.   

Measurement of visual attention  
Gaze behavior, which encompasses eye movements, is closely related to visual attention (Itier 

& Batty, 2009; Ziv et al., 2020). Gaze measures serve as implicit indicators of visual attention, and are 

valuable for understanding cognition, preferences, knowledge, beliefs, and memory. Traditional 

measures, such as gaze direction, gaze duration, anticipatory gaze, and gaze tracking, are well-
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established tools in cognitive research (Talsma et al., 2010). Fixation, a specific type of gaze behavior, 

focuses on an individual’s gaze at a single point (Lallé et al., 2016). Fixations have been effective in 

measuring visual attention and revealing what customers focus on (Salminen et al., 2018). The fixation 

count is the total number of fixations that a person looks in each gaze zone within a given time period 

(Bocklisch et al., 2017; Martin et al., 2017). However, because the duration of each experiment was not 

equal, simply comparing the total number of fixations across sessions would be misleading. Using the 

overall average fixations per second, we normalized the fixation counts according to the length of each 

experiment, allowing a comparison between groups.  

Pupil Core  

To measure visual attention, Pupil Labs Core model eye-tracking was used. This eye tracker is 

capable of measuring eye movements up to 200 Hz per eye and 120 Hz per eye in a higher resolution 

mode (Faraji et al., 2022). This allowed the participants to move their heads freely without being 

restricted to a fixed viewing angle. This is made possible by multiple cameras of the device, including 

a world camera with a fisheye field view, which provides researchers with a first-person perspective of 

the participant’s visual field. The Pupil Core also features two additional cameras that focus on either 

the right or left eye of the participant, enabling the accurate tracking of both eyes. With its advanced 

hardware and software, the eye tracker can analyze fixations and fixation duration. The use of duration 

information is guided by the fact that fixations are rarely less than 100 ms. Therefore, a range of 100-

400 ms was selected (Salvucci & Goldberg, 2000). 

Measurement of AI usefulness 
To measure the utilitarian dimensions of consumer attitude, Voss et al. (20023) constructed a 

scale using Hirschman and Holbrook’s (1982) definitions of the hedonic and utilitarian dimensions. 

Their study focused on perceptions of utilitarian value related to product/brand-based attitudes. 

Furthermore, Jahn and Kunz (2012) explored consumer-brand relationships and identified utilitarian 

content as a driver of fan page participation. Yuan et al. (2022) found that the perceived benefits of AI 

assistants are important factors influencing users perceived utilitarian value, which further influences 

users’ willingness to adopt AI assistants.  

This study combined these items to measure attitudes in the context of AI. The items were 

measured using a seven-point Likert scales (1= strongly disagree, 7 = strongly agree) for accurate 

evaluation (Preston & Colman, 2000). The items of AI usefulness were measured according to previous 

studies and compiled in the operationalization table (see Appendix 1). The original and adapted items 

used to measure AI usefulness can be found Appendix 2, Table 3. 
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Measurement of learning motivation 
Motivation is defined as the process by which a goal-directed activity is elicited and sustained 

(Pintrich, 2002). Motivation problems are common in education. Academically motivated students want 

to learn, enjoy learning-related activities, and improve academically (Karaguven, 2012). Learning 

motivation in this study is measured by “task value” from the Motivated Strategies for Learning 

Questionnaire (MSLQ) (Credé & Phillips, 2011; Pintrich et al., 1993). Task value is a component of 

motivation that determines the extent to which a student perceives a particular task, topic, or activity as 

valuable, interesting or worthwhile (Pintrich et al., 1993). Task value provides a deeper understanding 

of student’s motivation to learn (Pintrich et al., 1993). Therefore, it is a very relevant scale. The scale 

items were adapted to a situation where they better fit this experiment, which were compiled in the 

operationalization table (see Appendix 1). The original and adapted items for learning motivation can 

also be found in Appendix 2, Table 2. 

Data analysis procedure  
IBM SPSS Statistics, Version 28 (IBM Corp, 2021) and SmartPLS (Ringle, 2020) were used 

to analyze the laboratory experiment data. PLS-SEM can converge a complex model with latent 

variables and mediation effects and is therefore suitable. 

Participants  
The participants were Radboud University students selected using a non-probability sampling 

technique. Using this technique, certain settings, individuals, or events are deliberately selected to 

obtain important information that cannot be obtained from other choices (Maxwell, 1996). 

Sample size calculation is essential during the planning of this study because an insufficient 

sample size may not be able to demonstrate the desired difference or estimate the frequency of the event 

of interest (Martínez-Mesa et al., 2014). The “10 times rule” method for PLS-SEM suggests a minimum 

sample size of 30 (Hair et al., 2019). However, larger samples typically increase the statistical power 

of the hypothesis testing. This means that there is a higher probability of correctly rejecting an incorrect 

null hypothesis that detects an effect if there is one. (Goodhue et al., 2012) The general guideline is that 

researchers should do so when it is possible to obtain more observations (Hair et al., 2019).  

A total of 117 respondents participated in the study. The participants had an average age of 22 

and 57,3% of the participants were male. Focusing on Radboud University students provided valuable 

insights into this specific context. 
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Research ethics  
Ensuring integrity was crucial in this study. Researchers followed the Dutch Code of Conduct 

for Integrity Research, which emphasizes honesty, transparency, diligence, independence, and 

responsibility (KNAW et al., 2018). A strict research process was implemented to ensure accurate data 

collection and fair presentation of the results.  

The participants received detailed consent forms that outlined the research objectives, data 

collection, and intended use, ensuring transparency and trust. Data were collected anonymously, and 

personal data were securely handled and stored according to data protection regulations. This study was 

conducted independently, without external influences, thus maintaining its integrity.  

Researchers acted professionally and ethically to treat participants with respect and care. The 

participants were informed of their right to withdraw from the study without any repercussions. 

Confidentiality and anonymity of participants were strictly protected as detailed in the consent form 

(see Appendix 3).  

4. Results 
The experimental data were analyzed using SPSS to check descriptive statistics and recode some items. 

Pre-test 
Data cleaning – pre-test 

Before the data were analyzed using SPSS, they were cleaned. Data cleaning involves preparing 

the data for analysis by removing or adjusting incorrect, incomplete, irrelevant, duplicate or incorrectly 

formatted inputs. In this study, variables that were automatically generated by the platform were 

identified, such as the survey start and end times, IDs, and submission times. We began by removing 

these irrelevant variables, which can easily be done by ‘clearing’ them. 

In addition, we focused only on analyzing data from participants who had completed the survey. 

The simplest method to achieve this is by sorting the data by the variable ‘completed’ and then removing 

all cases irrelevant to the analysis. 

Moreover, during the pre-test, we wanted to check whether the personalization manipulation 

was effective. Before we performed this manipulation check, the second item measuring 

‘personalization’ had to be recoded because it was a reversed item. The three items representing the 

personalization construct are detailed in the operationalization table (see Appendix 1). 

Manipulation check – pre-test 
To verify that the manipulation of personalization worked properly, a pre-test was conducted. 

Confirmatory factor analysis (CFA) was conducted using SPSS to determine whether personalization 
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was a reliable construct for the items used. CFA is a way to test how well a pre-specified measurement 

theory, consisting of measured variables and factors, fits reality, as captured by the data (Hair et al., 

2019). According to Hair et al. (2019), construct personalization requires a minimum of three items to 

provide minimal coverage of a construct’s theoretical domain and adequate identification of the 

construct. Technically, a CFA with three items is the minimum number, because it results in a saturated 

model. Moreover, the sample size is important for the factor analysis. In the factor analysis, we required 

at least ten observations for each variable. Therefore, the sample size was sufficient for this purpose. 

The CFA is presented in Appendix 11A. 

The KMO value (.475) and Bartlett’s test of sphericity (.136) did not meet the recommended 

criteria of >.50 and significance, respectively (Field, 2017). However, because the questions were 

derived from an existing scale known to measure the concept accurately, the degree of validity is likely 

to be high, resulting in high-quality data (Hyman et al., 2006). Therefore, these three items were retained 

in the experiment. Finally, a manipulation check was conducted using an independent samples t-test 

(see Appendix 11B). A statistically significant difference was found between the personalized group 

(M = 5.63, SD = 0.62) and the non-personalized group (M = 3.87, SD = 0.78), p ≤ .001. Thus, 

personalization was successfully manipulated. 

Experiment  

Data cleaning and missing data analysis – experiment 
Before conducting the analysis using SmartPLS, the data were cleaned. Initially, eye-tracking 

data were converted to Excel. The Excel file was then merged with an SPSS file containing the survey 

data. Of the 191 participants, 74 were removed because of missing or incomplete eye-tracking or survey 

data, resulting in 117 valid participants with at least one eye-tracking measurement. This left us with 

two groups: 58 participants in the personalized group and 59 in the non-personalized group.  

All unnecessary columns were deleted using SPSS. Names and scales were assigned to all 

variables. In this study, multiple items were reverse coded using SPSS to ensure that each statement 

was either positively or negatively formulated. All dimensions, items, and corresponding questions 

from the survey can be found in the operationalization table (see Appendix 1). 

Finally, the missing data were analyzed using SPSS. The percentage of missing data per item 

was less than 10% (see Appendix 12A, Table 12A.1), indicating that the missing data were acceptable 

(Lee & Huber, 2021). In addition, when considering the type of missing data within Little's MCAR test, 

the test was not significant at an alpha level of > .05 (chi-Square = 102.889, DF = 93, p = .227). This 

implies that missing data were completely random. 
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Manipulation check – experiment 
Before manipulation control, CFA was performed using SPSS to determine the reliability of 

the personalization construct for the items used. The generally accepted guideline is that the Kaiser-

Meyer-Olkin (KMO) measure of sample fit should be greater than .5, with values closer to 1 indicating 

a better fit. As shown in Appendix 12B, the KMO value is .66, which is considered mediocre (Kaiser, 

1974). Moreover, Bartlett’s Test of Sphericity was considered significant if the p-value was less than 

.05. For the output, Bartlett’s Test of Sphericity had a p-value of less than .001, confirming significance. 

This indicates a substantial correlation between the items used to measure personalization. 

Cronbach's alpha was used to evaluate the reliability of internal consistency. As a parameter 

value, it was decided to use α > 0.6. Cronbach's alpha of .69 in this study indicates satisfactory 

reliability. The reliability analysis is presented in Appendix 12B, Table 12B.5. 

Next, a manipulation check was conducted using an independent sample t-test in SPSS (see 

Appendix 12C). There was a statistically significant difference in personalization (M = 5.22, SD = 

0.84). and no personalization (M = 3.35, SD = 1.01), p ≤ .001. It can be concluded that the manipulation 

of personalization was successful during the experiment. 

Evaluation of the measurement model 
Assessment of the measurement model, including factor loadings (internal reliability), construct 

reliability, convergent validity, and discriminant validity, was performed using SmartPLS through 

confirmatory factor analysis (CFA). Loadings greater than 0.50 are considered practically significant, 

while loadings greater than 0.70 indicate a strong relationship between observed variables and their 

latent constructs and are therefore desirable (see Appendix 13A, Table 13A.1). Construct reliability 

must be greater than 0.70 to indicate internal consistency. This metric is only reported in SmartPLS for 

constructs with more than one item, which in our study includes learning motivation (LM) and AI 

usefulness (AIU). The AVE should be .5 or greater to suggest adequate convergent validity (Hair et al., 

2019). Discriminant validity is assessed by the heterotrait-monotrait (HTMT) ratio, with values less 

than 0.85 (Hair et al., 2019). 

The model met these criteria, because the factor loadings met or exceeded the threshold value, 

we retained all items as none fell below 0.50. Moreover, a construct with fewer than three items is 

generally weak and unstable (Costello & Osborne, 2005). Therefore, none of these items were removed. 

Furthermore, construct reliability also met the criteria, with AIU achieving 0.71 and LM achieving 0.75, 

both exceeding the acceptable threshold of 0.70 Cronbach’s. In addition, AVE met the criteria, with 

AIU achieving 0.64 and LM 0.51 (see Appendix 13, Table 13A.2). Finally, all ratios for the HTMT 

were below 0.85 level providing strong evidence of discriminant validity (see Appendix 13A, Table 

13A.3).  
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Additionally, the SRMR reflects the badness-of-fit (higher values indicate a relatively worse 

fit), the rule of thumb being that an SRMR of more than 0.1 indicates a problem with the fit. The 

saturated model fit in this study was 0.07, which is below the threshold value, suggesting that the 

correlations between all constructs were well represented (see Appendix 13, Table 13A.4). Finally, the 

Goodness-of-Fit (GoF) index was used to examine model fit. Wetzels et al. (2009) state that 0,1 is the 

small threshold, 0.25 is the medium threshold and 0.36 is the large threshold. Appendix 13A, Table 

13A.7, presents the calculation of the GoF index. The GoF Index for this model was 0.38, which 

exceeded the threshold of GoF > .36, corresponding to the large adequacy of the model fit. 

Evaluation of the structural model 

Collinearity and Coefficient of Determination 

Examining collinearity among predictor constructs is essential to ensure that the path 

coefficients are not biased (Hair et al.,2019). All VIF values were below the guideline of 3, with the 

highest value being 1.50 (see Appendix 13B, Table 13B.1). 

Furthermore, the predictive ability of the structural model was examined using the R-Squared 

(R2) values. The higher the value of R2, the higher the explanatory power of the model and, thus the 

better the prediction of the dependent variable (Hair et al., 2019). However, this study looks at the value 

of adjusted R2 because this value accounts for the sample size and model complexity (Hair et al., 2019) 

and is therefore the recommended statistic (Heinzl & Mittlböck (2002). An adjusted R2 of 0.01 is weak, 

0.09 is moderate and 0.25 is strong (Jacobs & Korzilius, 2022). Based on these threshold values, the 

constructs AIU (.23) and LM (.33) have strong predictive power, and the construct Behavior (0.15) has 

moderate predictive power. The construct Fixations per seconds (-0.01) has a negative adjusted R2 (see 

Appendix 13B, Table 13B.2). According to Heinzl and Mittlböck (2002), a negative adjusted R2 

indicates no explained variance. However, the construct was retained in the analysis because it provides 

insight into model performance.  

Effect sizes 

Next, the effect sizes (f2) were examined. Cohen (1988) proposed the following interpretation 

of 0.02, 0.15, and 0.35, representing small, medium, and large effects of an exogenous construct. These 

guidelines determine the influence of independent variables within their model. In addition, effect sizes 

of less than 0.02 indicate that there is no effect (Hair et al., 2019). The effect sizes ranged from 0.000 - 

0.314. First, the effect size from Personalization to AIU (0.31) indicates a large effect of an exogenous 

construct. Second, the effect size from AIU to LM (0.25) indicated a medium to large effect. Third, 

Fixations per second had a small effect on Learning Motivation (0.05). All effect sizes are presented in 

Appendix 13B, Table 13B.3.  
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Path coefficients 
Here, the significance and size of the structural path coefficients are examined. Path coefficients 

represent the relationships between constructs in the model (Hair et al., 2019). To obtain significance 

levels, the bootstrapping option in SmartPLS was run using 5,000 subsamples with a confidence interval 

of 95%. In addition, a higher path coefficient (beta coefficient) indicates a stronger relationship than a 

lower path coefficient when significant. Finally, the coefficients, t-values, and significance levels (p-

values) are presented in Appendix 13B, Table 13B.4. 

Hypothesis testing 

The analysis of the structural model using SmartPLS yielded several findings regarding the 

hypothesized relationships within the conceptual framework for this research. In addition, a dummy 

variable for personalization was created and included in the analysis. First, personalization did not have 

a statistically significant effect on learning motivation (β = 0.084, t = 0.425, p = 0.671). Therefore, H1 

is not supported. Second, personalization did not have a statistically significant effect on visual attention 

measured in fixations per second (β = -0.032, t = 0.172, p = 0.864). Therefore, H2 is not supported. 

Third, visual attention did not have a statistically significant effect on AI usefulness (β = 0.008, t = 

0.097, p = 0.923). Therefore, H3 is not supported. Fourth, visual attention was found to have a negative 

and statistically significant effect on learning motivation (β = -0.180, t = 2.375, p = 0.018). Therefore, 

H4 is not supported. Fifth, personalization has a positive and statistically significant effect on AI 

usefulness (β = 0.978, t = 7.330, p < 0.001). Therefore, H5 is supported. Finally, AI usefulness has a 

strong positive effect on learning motivation (β = 0.478, t = 5.334, p < 0.001). Therefore, H6 is 

supported. 

Additionally, the analysis included several mediation effects, these are shown in Appendix 13B, 

Table 13B.5. First, there was a statistically insignificant mediation effect of personalization on AI 

usefulness through fixations per second (β = -0.000, t = 0.015, p = 0.988). Second, there was a 

statistically insignificant mediation effect of personalization on learning motivation through AI 

usefulness and fixations per second (β = -0.000, t = 0.015, p = 0.988). Finally, there was a statistically 

significant mediation effect of personalization on learning motivation through AI usefulness (β = 0.467, 

t = 4.307, p < 0.001). Appendix 14 presents the full model and corresponding hypotheses tested. 

Additional analysis and control variables 

The additional analysis included the effects on actual behavior, specifically whether 

participants took a flyer (Behavior_yes). This flyer contained information on the learning of financial 

literacy using AI. This dummy variable was included in the structural model to compare different 

outcomes with the other dependent variable (LM). Actual behavior, taking a flyer being a different 
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dependent variable, shows different effects. This decision was based on the results of the control 

variables. Specifically, the analysis showed statistically significant positive effects of the control 

variables of major (management) on behavior (β = 0.185, p = 0.011) and gender (male) on behavior (β 

= 0.273, p = 0.001). These findings suggest that the control variables influence the likelihood of taking 

a flyer. Appendix 15 presents the whole model in SmartPLS. 

5. Conclusion and discussion 
The key findings of this research offer insights into how personalization affects visual attention, 

perceived usefulness, and learning motivation. By investigating this, this study aimed to advance the 

interaction between users and AI. Therefore, this study answers the following research question: “How 

does personalization influence learning motivation, and what is the role of visual attention and 

perceived usefulness in the context of financial literacy education by AI?” 

The results indicated that perceived AI usefulness fully mediated the relationship between 

personalization and learning motivation. Furthermore, personalization does not influence visual 

attention, as measured by average fixations per second. In turn, visual attention did not affect perceived 

AI usefulness. However, visual attention negatively affected learning motivation but did not mediate 

the relationship between personalization and learning motivation. Finally, the results demonstrate the 

importance of perceived AI usefulness as a key mediator for enhancing learning motivation. 

Discussion 
The results of this study provide an answer to the research question regarding the impact of 

personalization on learning motivation, as well as the roles of visual attention and perceived AI 

usefulness within the context of financial literacy education. A visual representation of all relationships 

is provided in Appendix 15. 

Contrary to the hypotheses and existing literature, personalization does not have a direct effect 

on learning motivation when other factors are included in the model. Although personalization is often 

expected to increase engagement and motivation (Kalyanaraman & Sundar, 2006; Li, 2016; Zander et 

al., 2017), this study suggests that perceived usefulness also plays a crucial role. According to Tapalova 

and Zhiyenbayeva (2022), a possible explanation for this is that, even if something is personalized, it 

does not automatically enhance the learning experience. In this study while personalization is important, 

the impact on learning motivation is mediated by perceived AI usefulness. 

This study found that personalization did not influence visual attention, as measured by the 

average fixations per second. This contradicts the proposed hypothesis that personalized content attracts 

more visual attention because of its relevance to and alignment with user goals (Styles, 2005). A 

possible explanation according to Li (2016) is that for personalization to affect consumer responses, the 
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consumer must perceive the message as personalized. If personalization is not perceived, its impact is 

diminished. 

The findings revealed that visual attention does not influence the perceived usefulness of AI. 

Contrary to predictions and prior literature, when users spend more time looking at a particular element 

of the interface, this element provides valuable information (Buscher et al., 2010; Sharafi et al., 2015). 

However, a higher number of fixations could also indicate that the viewer had more difficulty finding 

the necessary information (Ehmke & Wilson, 2007). This implies that merely attracting more visual 

attention is not sufficient to improve the perceived AI usefulness.  

Visual attention also negatively affects learning motivation, which contradicts previous 

research suggesting a positive correlation (Bang & Wojdynski, 2016; Pfiffelmann et al., 2020). A 

possible explanation is that users who find the content engaging might process it more carefully with 

fewer fixations, whereas uninterested users browse quickly, leading to more fixations (Behe et al., 2015; 

Sharmin et al., 2016). This finding highlights the complexity of the relationship between visual attention 

and learning motivation.  

 Furthermore, the results support the hypothesis that personalization positively affects perceived 

AI usefulness. Personalized content tailored to individual needs and preferences is perceived as more 

useful than non-personalized content (Liang et al., 2009). This aligns with previous research indicating 

that personalization enhances the perceived usefulness of AI tools (Bettiga et al., 2020; Yuan et al., 

2022). 

 The findings support the idea that higher perceived AI usefulness has a positive effect on 

learning motivation. This supports the hypothesis that perceived AI usefulness acts as an intermediary 

between personalization and learning motivation. When AI tools are perceived as useful, students 

engage more deeply with learning materials, showing heightened interest and engagement (Li, 2023). 

Finally, personalization initially had a direct effect on learning motivation. However, when AI 

usefulness was included in the model, the direct effect of the independent variable became non-

significant. This means that perceived AI usefulness fully mediates the relationship between the 

independent and the dependent variable. This result aligns with expectations, as prior research has 

indicated that personalized content can positively affect attitudes and learning motivation 

(Kalyanaraman & Sundar, 2006; Li, 2016). 

Theoretical implications 
 This study makes theoretical contributions to the field of AI in education, particularly in the 

context of personalized learning in financial literacy. In alignment with the calls of Hu et al. (2020) and 

Wu et al. (2020) for more research on AI personalization in human-robot interactions, this study 

explored the integration of personalized AI into student-robot interactions.  
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Second, this study extends the work of Crompton and Burke (2023), who primarily focused on 

language acquisition, computer science, and engineering, thereby highlighting the wider applicability 

of AI in various educational fields. Broadening the application of AI to influence learning motivation 

in financial literacy is important, because it demonstrates the potential of AI in diverse educational 

fields.  

 Furthermore, previous studies investigated the relationship between perceived utilitarian value 

and the adoption of AI assistants (Longoni & Cian, 2020; Yuan et al., 2022). However, the impact of 

personalization on perceived AI usefulness within an educational context has not yet been investigated. 

This study shows a positive relationship between personalization and perceived AI usefulness, 

suggesting that adapting AI content to individual needs can improve users’ perceptions of usefulness. 

This contributes to the understanding of the factors influencing the perceived usefulness of AI and 

highlights the importance of personalization in interactions.  

 Finally, this study introduced the use of an AI video assistant that interacts with users in a 

manner similar to a human interaction. This contrasts with previous research that has focused on spoken 

AI without physical features (Kim et al., 2021). The approach used in this study broadens the existing 

literature. This new interaction emphasizes the importance of visual and interactive elements in AI 

systems that can capture users’ attention and enhance their learning experience. 

Managerial implications 
In addition to these theoretical contributions, valuable managerial implications can be drawn 

from the findings of this study. First, in this changing educational landscape, the implementation of AI 

has proven to be a useful learning technology (Chu et al., 2022). Therefore, the contribution of this 

study is valuable. When AI tools are perceived as useful, students engage more deeply with learning 

materials, demonstrating heightened interest and engagement (Li, 2023). In line with these studies, the 

results showed that when AI tools are personalized, they are perceived as useful, which eventually 

increases student’s learning motivation. Schools and university administrators should prioritize 

adaptive learning technologies that can personalize educational content according to students’ 

individual needs and preferences. Therefore, AI can be implemented to create personalized learning 

experiences. 

Second, the findings provide evidence that gender affects the relationship between personalized 

learning with AI and actual behavior. Previous research by Waliszewski and Warchlewska (2020) 

indicated that gender, specifically in the Netherlands, significantly influences the acceptance of AI 

advice in personal financial planning. Here, men appeared to be more likely than women to have 

expenses analyzed by AI. Therefore, this study revealed that gender also plays a significant role in the 

educational context, with male participants showing a higher likelihood of taking flyers, indicating that 

men are more likely to engage in personalized learning with AI. To foster an inclusive AI development 
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environment, AI developers and policymakers should implement policies that encourage the 

participation of underrepresented groups, including women. Initiatives aimed at encouraging the 

participation of women and individuals from underrepresented groups in the design, development, and 

deployment of AI could ensure the inclusion of diverse perspectives. 

Third, the findings provide evidence of the impact of a student’s major on their engagement 

with AI when providing personalized content in an educational setting. This is in line with Chen (1998), 

who indicates that non-business majors are generally less knowledgeable about personal finance. This 

study shows that students with generally higher financial knowledge, such as those majoring in 

business, are more likely to take flyers containing more information about learning financial literacy 

using AI. To conclude, managers and policymakers should tailor AI-driven programs in financial 

literacy to different academic majors because employing them for different majors, such as 

management, may be more effective. 

Limitations 
Besides the contributions of this study, it has some limitations. First, the reliability of the results 

can be questioned because the learning experience was simulated. Students were restricted to three 

options in which they could learn more about financial literacy. Financial literacy is a broad topic, and 

other relevant options may not have been available to students. This restriction could have limited the 

perception of personalization and relevance of the learning materials for some participants, potentially 

affecting their overall learning motivation.  

Second, by limiting the target population to only students at Radboud University in the 

Netherlands, this study offers valuable insights into this specific context. However, this limits the 

generalizability of the results to different educational levels, cultures, or geographical areas (Burchett 

et al., 2012b). The findings are primarily applicable to university education (WO) and may not be 

applicable to other educational levels in the Netherlands such as higher professional education (HBO) 

and secondary vocational education (MBO). This geographical and social limitation must be considered 

when interpreting the results and their potential applications in broader contexts. 

Third, the lack of significant results and data on the sensation concept may be explained by the 

partially defective eye tracker used during the experiment. As one of the cameras was not working, this 

could have affected the results, validity, and reliability of this study. The analysis did not provide 

insights into specific areas of interest (AOI). Consequently, all fixations per second were counted and 

compared between the groups. A defective camera in the eye tracker may have resulted in incomplete 

or inaccurate data, which may have affected the findings regarding the concept of sensations. 

Finally, although the sample size was adequate, with a final number of 117 participants, the 

initial number of participants was 191. The smaller sample size may have affected the robustness and 
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generalizability of the findings. The small sample size may have limited the power of this study to detect 

significant effects. 

Future research 
Based on the discussion and limitations, few areas of concern require further research. First, to 

make the results more valid and reliable, future research should repeat this study in a real-world setting. 

Instead of a Wizard-of-Oz (WOZ) experiment in which a human controls the AI system, an automated 

AI system should be used. This method provides a more realistic and accurate picture of how AI systems 

operate in real-world setting. Financial literacy is a broad topic, and by using an automated AI system 

that can cover every topic in financial literacy, the impact on learning motivation can be better 

examined. 

 Second, future research could explore the application of AI in the fields of education beyond 

financial literacy. As previously mentioned, research should also be conducted at other educational 

levels in the Netherlands such as HBO and MBO. This would help to gain a broader understanding of 

the applicability and impact of AI systems across different educational contexts and levels. 

 Finally, future research should use a complete working eye tracker to rule out the possibility 

that the results are affected by technological issues. The lack of significant results and data on sensations 

might be explained by a partial defect in the eye tracker used during the experiment. Given that our eye 

tracker experienced issues, future studies might benefit from examining specific Areas of Interest (AOI) 

within AI video content. It would be valuable to investigate where viewers focus their attention, such 

as on the subtitles, the AI-avatar’s eyes, or other elements. This could provide further insights into 

visual attention in AI-driven learning environments. This could provide insights into how the different 

components of video content contribute to engagement and learning outcomes. 
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Appendices 
Appendix 1. Operationalization table 

Construct Dimension Question Item  Measure Reference 

Manipulation Personalization I am very interested 
in the financial 
concepts presented 
in this lesson. 

MANI_
LM_1 

7-point Likert 
scale 

(Wong & 
Guan, 2018; 
Komiak & 
Benbasat, 
2006) 

The financial topics 
that were presented 
were not relevant to 
my learning 
interests. (Reversed) 

MANI_
2_R 

7-point Likert 
scale 

(Wong & 
Guan, 2018; 
Komiak & 
Benbasat, 
2006) 

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

MANI_
3 

7-point Likert 
scale 

(Wong & 
Guan, 2018; 
Komiak & 
Benbasat, 
2006) 

Behavior Learning 
Motivation 

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

MANI_
LM_1 

7-point Likert 
scale 

(Pintrich et 

al., 1993) 

I do not enjoy 
learning about the 
financial concepts 
presented in this 
lesson (Reversed) 

LM_2_
R 

7-point Likert 
scale 

(Pintrich et 

al., 1993) 

Understanding 
financial literacy is 
very important to me 

LM_3 7-point Likert 
scale 

(Pintrich et 

al., 1993) 

The financial 
information provided 
in this lesson is 
important to me 

LM_4 7-point Likert 
scale 

(Pintrich et 

al., 1993) 

The financial literacy 
skills learned in this 
lesson will be 
valuable in other 
areas of my life 

LM_5 7-point Likert 
scale 

(Pintrich et 

al., 1993) 

Thoughts AI usefulness The financial 
information I 
presented to you was 
useful 

AIU_1 7-point Likert 
scale 
 

(Jahn & Kunz, 
2012; Voss et 
al., 2003; 
Yuan et al., 
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2022) 

The financial 
information I 
presented to you was 
not 
helpful (Reversed)  

AIU_2_
R 

7-point Likert 
scale 
 

(Jahn & Kunz, 
2012; Voss et 
al., 2003; 
Yuan et al., 
2022) 

The financial 
information I 
presented to you was 
practical  

AIU_3 7-point Likert 
scale 

(Jahn & Kunz, 
2012; Voss et 
al., 2003; 
Yuan et al., 
2022) 

Sensory Visual 
Attention 

Average fixations 
count per second 

Fix_per
_sec 

Metric (Bocklisch et 
al., 2017; 
Martin et al., 
2017) 

Control Variables Question Item Measure Source 

Gender Could you please tell 
me with which 
gender you identify? 
   

Male Binary (Waliszewski 
& 
Warchlewska, 
2020) 

Major Can you tell me what 
you are studying?   

Manage
ment 

Binary (Chen, 1998) 

Complicatedness The financial 
information I 
presented to you was 
complicated 

Compli
cated 

7-point Likert 
scale 

 

English Skill  What skill level is 
your English 
language 

English
_skill 

7-point Likert 
scale 
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Appendix 2. Measurement scales 

Table 1: Personalization - adapted items 

Construct Original Item Adapted Item Reference 

Personalization The brand understands my 
needs and wants 
 

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

(Wong & Guan, 2018; 
Komiak & Benbasat, 
2006) 

The content in the mobile 
advertisement were in 
accordance to my 
preferences 
 

The financial topics 
that were presented 
were not relevant to 
my learning 
interests. (Reversed) 

(Wong & Guan, 2018; 
Komiak & Benbasat, 
2006) 

I feel that the advertisement 
was tailored to me 

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

(Wong & Guan, 2018; 
Komiak & Benbasat, 
2006) 

Table 2: Learning motivation - adapted items 

Construct Dimension Original Item Adapted Item Reference 

Behavior Learning 
Motivation 

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) 

Understanding the 
subject matter of this 
course is very 
important to me 

Understanding financial 
literacy is very important 
to me 

It is important for me 
to learn the course 
material in this class 

The financial 
information provided in 
this lesson is important 
to me.  

I think I will be able to 
use what I learn in this 
course in other courses 

The financial literacy 
skills learned in this 
lesson will be valuable in 
other areas of my life. 
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Table 3: AI usefulness - adapted items  

Construct Dimension Original Item Adapted Item Reference 

Thoughts AI 
usefulness 

The content of the fan 
page is useful for me 

The financial 
information I presented 
to you was useful 

(Jahn & Kunz, 
2012; Voss et al., 
2003; Yuan et al., 
2022) 

The content of the fan 
page is helpful for me 

The financial 
information I presented 
to you was not 
helpful (Reversed)  

The content of the fan 
page is practical for me 

The financial 
information I presented 
to you was practical  
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Appendix 3. 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 —@ru.nl (Master student, Business Administration Nijmegen School of 

Management) 
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Statement of consent: I have read the above information; I understand this completely and I 

consent to participate in this experiment.    

 

______________________________________   

 

Name of participant    

 

________________________________________ _____________________________  

 

Signature of Participant     Date    

 

Thank you for your participation!   
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Appendix 4. Topics financial literacy survey 

Figure 1: Budgeting 

 

Figure 2: Investing 
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Figure 3: Loans 
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Appendix 5. Prompts 

Appendix 5A. Prompt for manipulation personalized script  
You are an upbeat, encouraging financial literacy tutor who helps university students 

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

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

Radboud University and who is happy to help them with any questions. Only ask one question at a time. 

Never move on until the student responds. First, ask them what they would like to learn about. Wait for 

the response. Do not respond for the student. Then ask them what they know already about the topic 

they have chosen. You can ask what do you already know or you can improvise a question that will 

give you a sense of what the student knows. Wait for a response. Given this information, help students 

understand the topic by providing explanations, examples, analogies. These should be tailored to the 

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

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

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

these as needed to make them useful to the student and highlight the different aspects of the concept or 

idea. You should guide students in an open-ended way. Do not provide immediate answers or solutions 

to problems but help students generate their own answers by asking leading questions. Ask students to 

explain their thinking. If the student is struggling or gets the answer wrong, try giving them additional 

support or give them a hint. If the student improves, then praise them and show excitement. If the 

student struggles, then be encouraging and give them some ideas to think about. When pushing the 

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

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

one or more of the following: explain the concept in their own words; ask them questions that push 

them to articulate the underlying principles of a concept using leading phrases like "Why...?""How...?" 

"What if...?" "What evidence supports..”; ask them for examples or give them a new problem or 

situation and ask them to apply the concept. When the student demonstrates that they know the concept, 

you can move the conversation to a close and tell them you’re here to help if they have further questions. 

Rule: asking students if they understand or if they follow is not a good strategy (they may not know if 

they get it). Instead focus on probing their understanding by asking them to explain, give examples, 

connect examples to the concept, compare and contrast examples, or apply their knowledge.  
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Appendix 5B. Prompt for manipulation non-personalized script   
You are an AI created to assist in the subject of financial literacy. Your role is to ask broad 

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

interested in learning within financial literacy. After receiving a response, provide a foundational 

explanation of the topic. Use general examples and analogies that broadly apply to the concept. Aim to 

clarify the principles of financial literacy without tailoring the content to individual backgrounds or skill 

levels. Steer the learning process by asking questions that promote a basic comprehension of the topic. 

If learners encounter difficulties, offer general hints and support. Encourage exploration of the concept 

through explanation and application in hypothetical situations. Conclude the session by summarizing 

the key points, without soliciting individual feedback on their understanding.  
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Appendix 6. AI-script - General introduction 
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.  

 

1. Firstly, what is your age?   

a. (Answer)    

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

b. (Answer)   

3. Thank you! Also, can you tell me what you are studying?   

c. (Answer)   

4. Cool! Could you please indicate on a scale of 1 to 7, how comfortable are you with the English 

language?   

d. (Answer)   

5. Finally, have you ever been educated by an AI avatar before?   

e. (Answer ) 

6. 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?   

f. (Answer)   
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Appendix 7. AI-scripts - Personalized  
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 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 circumstances.   

   

Budgeting 

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.   
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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.”   

 

Investing 

Fantastic choice! Understanding investing is a crucial part of financial literacy. As a student in 

the Netherlands, learning the fundamentals of investing is essential for building wealth and securing 

your financial future, even amidst economic fluctuations.   

Let’s start with the basics: Investing involves allocating resources, usually money, with the 

expectation of generating an income or profit. This could be through stocks, bonds, mutual funds, or 

real estate, among other vehicles. Each type of investment carries its own set of risks and rewards, 

directly impacting on your financial growth and security.   

Given these opportunities, it’s vital to develop an investment strategy that aligns with your 

financial goals and risk tolerance. This approach allows you to potentially increase your wealth over 

time, even as market conditions change.   

Because you’re interested in learning more about investing, let’s explore how to start investing 

effectively. It begins with understanding the different types of investments and how they fit into your 

overall financial plan. By assessing your financial situation, you can determine how much risk you are 

comfortable taking on. Diversifying your investments can reduce risk and increase potential returns. 

Another tip I have for you is, consistently investing, even small amounts, can benefit from compound 

growth, enhancing your ability to accumulate wealth over time. Lastly, staying informed about financial 

markets and adjusting your strategy as needed will help you make informed decisions and keep your 

investment goals on track.   

  In a follow-up lesson, we could delve deeper into how you can specifically tailor these 

investment strategies to your personal circumstances and long-term financial objectives.   
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Appendix 8. AI-script - 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.   
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Appendix 9. AI-script - Survey 
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. I am very interested in the financial concepts presented in this lesson. (Learning motivation) 

(Personalization)   

2. The financial topics that were presented were not relevant to my learning interests.   

(Personalization) 

3. The financial learning topics that were presented were based on my input.  (Personalization) 

4. I do not enjoy learning about the financial concepts presented in this lesson. (Learning 

motivation)   

5. Understanding financial literacy is very important to me. (Learning motivation)   

6. The financial information provided in this lesson is important to me. (Learning motivation)   

7. The financial literacy skills learned in this lesson will be valuable in other areas of my 

life. (Learning motivation)   

 

Alright! I've learned that many students experience financial stress. Could you share a bit more 

about your own financial situation? For the upcoming statements, please indicate your level of 

agreement using a scale from 1 to 7, where (1) is Strongly Disagree and (7) is Strongly Agree.   

 

8. It is hard to stick to my spending plan when unexpected expenses arise. (Financial self-

efficacy)  

9. It is challenging to make progress toward my financial goals. (Financial self-efficacy)   

10. When faced with a financial challenge, I have a hard time figuring out a solution.  (Financial 

self-efficacy)   

11. I lack confidence in my ability to manage my finances.  (Financial self-efficacy)   

12. I worry about running out of money in the future.  (Financial self-efficacy)    

13. I have emergency money in a savings account (Financial challenges/concerns)   

14. I am living paycheck to paycheck. (Financial challenges/concerns)   

15. I am barely making enough money to cover expenses. (Financial challenges/concerns)   

16. I have to borrow money from family, friends, or financial institutions. (Financial 

challenges/concerns)   
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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) (Reversed)   

23. The financial information I presented to you was practical (AI usefulness)   

24. The financial information I presented to you was complicated. (Control variable)   

 

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)   

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

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

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

one with you. 

You can now carefully take off the eye-tracking device, place it on the table and leave the room. 
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Appendix 10. AI-avatar 
Figure 1: Mula 

 
Figure 2: Mula currently listening 
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Appendix 11. Results manipulation check pre-test 
Appendix 11A: Confirmatory factor analysis 
Table 11A.1: KMO and Bartlett’s Test 

 
Table 11A.2: Communalities  
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Table 11A.3: Component Matrix  

 
Table 11A.4: Total Variance Explained 

 
Table 11A.5: Cronbach’s Alpha 
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Appendix 11B: Manipulation check 
Table 11B.1: Mean difference personalization 

 
Table 11B.2: Significance of mean difference personalization 
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Appendix 12. Results manipulation check experiment 
Appendix 12A: Missing Value Analysis 
Table 12A.1: Little’s MCAR test 

a. Little’s MCAR test: Chi-Square = 102,889, DF = 93, Sig. =,227 

Appendix 12B: Confirmatory factor analysis 

Table 12B.1: KMO and Bartlett’s Test 

 
Table 12B.2: Communalities  

 
Table 12B.3: Component Matrix  
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Table 12B.4: Total Variance Explained 

 
Table 12B.5: Cronbach’s Alpha 

 

Appendix 12C: Manipulation check  

Table 12C.1: Mean difference personalization 

 
Table 12C.2: Significance of mean difference personalization 
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Appendix 13: Evaluation of model 
Appendix 13A: Evaluation of the measurement model 
Table 13A.1: Factor loadings initial model  

 Outer loadings 
AIU_1 <- AIU 0.911 
AIU_2_R <- AIU 0.864 
AIU_3 <- AIU 0.579 
Behavior_yes <- Behavior_yes 1.000 
Complicated_Control <- Complicated 1.000 
Fix_per_sec <- Fix_per_sec 1.000 
LM_2_R <- LM 0.622 
LM_3 <- LM 0.683 
LM_4 <- LM 0.843 
LM_5 <- LM 0.551 
MANI_LM_1 <- LM 0.814 
Male <- Male 1.000 
Management <- Management 1.000 
Personalized <- Personalized 1.000 
English_skill <- English_skill 1.000 

 

Table 13A.2: Construct reliability and validity (convergent validity) 

 Cronbach'
s alpha 

Composite reliability 
(rho_a) 

Composite reliability 
(rho_c) 

Average variance 
extracted (AVE) 

AIU 0.714 0.826 0.836 0.637 

LM 0.753 0.812 0.833 0.506 

 

Table 13A.3: Discriminant validity (HTMT)  

 AIU Behavi
or_yes 

Compli
cated 

English
_skill 

Fix_per_
sec 

LM Male Manag
ement 

AIU         
Behavior_yes 0.249        
Complicated 0.302 0.080       
English_skill 0.052 0.082 0.062      
Fix_per_sec 0.093 0.107 0.201 0.029     
LM 0.678 0.315 0.287 0.124 0.250    
Male 0.044 0.303 0.078 0.246 0.032 0.125   
Management 0.152 0.206 0.055 0.110 0.159 0.219 0.047  
Personalized 0.526 0.164 0.170 0.230 0.016 0.309 0.076 0.094 
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Table 13A.4: Model fit  
 

Saturated model Estimated model 
SRMR 0.074 0.182 
d_ULS 0.656 3.980 
d_G 0.230 n/a 
Chi-square 154.676 n/a 
NFI 0.685 n/a 

 

Table 13A.5: Factor loadings, composite reliability and average variance extracted of the constructs 
and their items  
Component and manifest variables  Loading (t-value)  

AIU 
 
Q1- The financial information I presented to you was useful  
Q2 - The financial information I presented to you was NOT helpful 
Q3 - The financial information I presented to you was practical 
 

 
LM 
 
Q1 - I am very interested in financial topics presented in this lesson  
Q2 - I do not enjoy learning about the financial concepts presented in 
this lesson (Reversed) 
Q3 - Understanding financial literacy is very important to me 
Q4 - The financial information provided in this lesson is important to 
me.  
Q5 - The financial literacy skills learned in this lesson will be valuable 
in other areas of my life.  

CR: 0.836, AVE: 0.637 

0.911 (48.024) *  

0.864 (23.282) * 

0.579 (6.206) *  

 

CR: 0.833, AVE: 0.506 

0.814 (23.640) * 

0.622 (5.957) * 

0.683 (9.012) * 

0.843 (24.887) * 

0.551 (6.322) *  

Notes: CR: Composite reliability; AVE: Average variance extracted, * p < 0.01 

 

Table 13A.6: Correlations and square root of the AVE  

Construct  1 AIU 2 LM  

1 AIU 0.798 
 

2 LM 0.527 0.711 

Notes: Values down the diagonal are the square roots of the AVE: all others are correlation 
coefficients.  
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Table 13A.7: GoF index calculation 
 
GoF Index calculation 
Mean construct 
communality 

AIU 
(0.911*0.911) + (0.864*0.864) + (0.579*0.579)/3 = 0.63721293 
Behavior = 1 
Complicatedness = 1 
English Skill = 1  
Fix per sec = 1  
LM 
(0.814*0.814) + (0.622*0.622) + (0.683*0.683) + (0.843*0.843) + 
(0.551*0.551) /5 = 0.5060438 
Male = 1  
Management = 1  
Personalization = 1  
  
Mean construct communality:  
0.63721293+1+1+1+1+0.4975478+1+1+1 = 
 8.14325673 
  
 8.14325673/9= 0.9048063033 

Mean adjusted-R2 
 0.224 + 0.101 - 0.008 + .325 = 0.642 

  
0.642/ 4 = 0,1605  

Mean construct 
communality x R2 

0.9048063033* 0,1605 = 0.1452214117 

GoF Index  √ 0.1452214117 = 0.38107992722 

 

 

  



 

 

66 

 

Appendix 13B: Evaluation of the structural model 
Table 13B.1: VIF values among constructs 

 AIU Behavi
or_yes 

Compl
icated 

Englis
h_skill 

Fix_pe
r_sec 

LM Male Manag
ement 

Person
alized 

AIU  1.460    1.460    

Behavi
or_yes 

         

Compli
cated 

 1.124    1.124    

Englis
h_skill 

 1.187    1.187    

Fix_pe
r_sec 

1.000 1.077    1.077    

LM          

Male  1.102    1.102    

Manag
ement 

 1.089    1.089    

Person
alized 

1.000 1.502   1.000 1.502    

 

Table 13B.2: Adjusted R2 values of the constructs 

 R-square R-square adjusted 
AIU 0.239 0.226 
Behavior_yes 0.205 0.154 
Fix_per_sec 0.000 -0.008 
LM 0.367 0.326 
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Table 13B.3: Effect sizes (f2)  

 AIU Behavi
or_yes 

Compl
icated 

Englis
h_skill 

Fix_pe
r_sec 

LM Male Manag
ement 

Person
alized 

AIU  0.018    0.247    

Behavi
or_yes 

         

Compl
icated 

 0.000    0.011    

Englis
h_skill 

 0.000    0.013    

Fix_pe
r_sec 

0.000 0.021    0.047    

LM          

Male  0.105    0.015    

Manag
ement 

 0.049    0.016    

Person
alized 

0.314 0.016   0.000 0.002    
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Table 13B.4: Path Coefficients 

 Original 
sample (O) 

Sample 
mean (M) 

Standard 
deviation 
(STDEV) 

T statistics 
(|O/STDEV|) 

P values 

AIU -> 
Behavior_yes 

0.064 0.064 0.045 1.413 0.158 

AIU -> LM 0.478 0.479 0.090 5.334 0.000 

Complicated -> 
Behavior_yes 

-0.007 -0.007 0.039 0.171 0.864 

Complicated -> LM -0.089 -0.092 0.081 1.093 0.275 

English_skill -> 
Behavior_yes 

-0.000 -0.001 0.039 0.006 0.995 

English_skill -> 
LM 

0.099 0.096 0.083 1.200 0.230 

Fix_per_sec -> AIU 0.008 0.007 0.084 0.097 0.923 

Fix_per_sec -> 
Behavior_yes 

0.060 0.061 0.035 1.733 0.083 

Fix_per_sec -> LM -0.180 -0.178 0.076 2.375 0.018 

Male -> 
Behavior_yes 

0.273 0.274 0.079 3.442 0.001 

Male -> LM 0.207 0.218 0.165 1.254 0.210 

Management -> 
Behavior_yes 

0.185 0.184 0.073 2.529 0.011 

Management -> LM 0.213 0.213 0.173 1.231 0.218 

Personalized -> 
AIU 

0.978 0.996 0.133 7.330 0.000 

Personalized -> 
Behavior_yes 

0.121 0.122 0.089 1.362 0.173 

Personalized -> 
Fix_per_sec 

-0.032 -0.035 0.184 0.172 0.864 

Personalized -> LM 0.084 0.102 0.198 0.425 0.671 
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Table 13B.5: Serial mediation effects  

 Original 
sample (O) 

Sample 
mean (M) 

Standard 
deviation 
(STDEV) 

T statistics 
(|O/STDEV|) 

P values 

Personalized -> 
Fix_per_sec -> AIU 

-0.000 -0.004 0.017 0.015 0.988 

Personalized -> 
Fix_per_sec -> AIU -> LM 

-0.000 -0.002 0.008 0.015 0.988 

Fix_per_sec -> AIU -> 
Behavior_yes 

0.001 -0.000 0.007 0.077 0.939 

Personalized -> 
Fix_per_sec -> 
Behavior_yes 

-0.002 -0.001 0.013 0.150 0.881 

Fix_per_sec -> AIU -> LM 0.004 0.002 0.041 0.095 0.925 

Personalized -> AIU -> 
Behavior_yes 

0.063 0.064 0.047 1.344 0.179 

Personalized -> 
Fix_per_sec -> LM 

0.006 0.004 0.036 0.160 0.873 

Personalized -> AIU -> 
LM 

0.467 0.476 0.109 4.307 0.000 

Personalized -> 
Fix_per_sec -> AIU -> 
Behavior_yes 

-0.000 -0.000 0.001 0.012 0.990 
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Appendix 14: Hypothesis testing 
Figure 1: Results structural model 
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Appendix 15: Visual representation model in SmartPLS 
Figure 1: Model in SmartPLS 
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