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Abstract 

This study examines the effectiveness of a learning model for prospective electrical engineering teachers, who 

often encounter obstacles stemming from differences in school types and statuses. Their initial abilities do not 

support learning, so we develop a learning model to accommodate them and investigate their learning outcomes 

across groups by school origin and gender. The research design uses quantitative analysis of learning outcomes 

and chatbot usage, along with qualitative student feedback, in a mixed-methods approach. The study involved 159 

students (6 classes) based on their school origin: school status (96 public, 63 private) and school type (106 senior 

high school, 53 vocational high school). There were 108 males and 51 females. We collected data through tests 

and questionnaires and analyzed it using ANOVA in IBM SPSS v26. We found no difference in students’ learning 

outcomes by origin school type and status, but females performed better than males. It is shown that Chatbot-

assisted self-regulated learning is practical. 

 

Keywords: Electrical Education, Learning Outcome, Self-Regulated Learning 

 

 

1. Introduction 

 

Educational chatbots are widely accepted tools for boosting student involvement in virtual learning environments. 

The research has received substantial attention because self-regulated learning can be developed among students 

through these methods (Guan et al., 2024). These conversational agents offer personalized, interactive experiences 

that can be particularly beneficial. In technical disciplines, basic electrical engineering often requires students to 

make multiple attempts to grasp complex concepts. The student will receive feedback that addresses their 

individual needs and aligns with their current level of understanding (Chang et al., 2023). AI-driven chatbots can 

perform the following functions. The implementation of Artificial Intelligence (AI) in educational settings leads 

to substantial improvements in student learning outcomes, engagement, and interest levels. The program can assist 

students interested in studying Science, Technology, Engineering, and Mathematics. Its ability to provide instant 
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feedback and individualized guidance allows learners to take an active role in their educational path, developing 

a stronger connection to their learning process and a deeper understanding of the subject matter (Yin et al., 2025). 

A personalized approach enables students to learn essential self-regulation techniques—goal setting, self-

assessment, and metacognitive monitoring—that are vital to academic success. Lan and Zhou (2025) examine the 

factors that lead to success in higher education, stating that large language Model-based chatbots demonstrate 

substantial capability to improve various teaching methodologies, including flipped classrooms. The teacher can 

maintain active communication with students and promptly answer the students' questions (Vera, 2024). 

Nevertheless, technological progress can create various obstacles for society to overcome, and opportunities for 

educators, necessitating a re-evaluation of pedagogy. It is crucial to examine how effective the chatbot 

implementation is in driving students’ self-regulated learning, especially in basic electrical engineering, across 

schools of varying origins. 

 

So far, there has been little research on students' learning outcomes across different types of schools and statuses 

when engaging in similar learning models. Electrical engineering education students in Indonesia come from 

various schools and backgrounds, possess different initial competencies, and have unique prior knowledge and 

learning preferences. Recognizing and understanding these differences, we develop a chatbot-assisted self-

regulated learning to create learning environments that support diverse student needs and ensure fair learning 

opportunities. Research studies various participants to determine whether the methods lead to successful outcomes 

for specific student groups. According to Manzanares et al. (2023), students achieve better academic success 

through these strategies, which enhance their motivation and engagement. It became our foundation for evaluating 

the effectiveness of the learning model and students' achievement levels in chatbot-assisted self-regulated learning 

of basic electrical engineering.  

 

The world has witnessed the debut of generative AI systems in recent times. Technologies such as ChatGPT further 

underscore the need to explore how University students can achieve independent learning with essential 

technological support. This exploration shows that the situation worsens because most undergraduate students 

currently use AI-based chatbots for skill development, knowledge acquisition, and motivation. Ma et al.'s (2024) 

research shows that these intelligent agents' ability to adapt to individual learning paces and styles makes them 

invaluable tools for fostering proactive learning habits (Ng et al., 2024). Therefore, this study examines how AI-

powered chatbots support self-regulated learning of basic electrical engineering concepts and assesses their impact 

on students with diverse backgrounds.  

 

In line with that, our research questions are: RQ1: Is the basic electrical engineering chatbot-assisted self-regulated 

learning environment effective? RQ2: Do students' diversities have an impact on the learning model? RQ3: What 

is the students' perception of the usefulness and usability of the multi-role chatbot in facilitating their learning of 

basic electrical engineering concepts? 

 

2. Literature Review 

 

2.1. Artificial Intelligence and Learning 

 

The deployment of AI-based chat tools in educational settings leads to significant changes in students' interactions 

with materials and processes, requiring thorough evaluation against current educational theories (Bognár et al., 

2024).  AI chatbots deliver learning support that aligns with Vygotsky's Zone of Proximal Development theory by 

providing appropriate assistance to students at their current learning level (Hauser et al., 2024). Scaffolding 

systems help students develop an understanding and acquire new skills by connecting their current abilities to their 

future potential under AI guidance (Darvishi et al., 2023). The framework of Self-Determination Theory enables 

the analysis of how AI chatbots impact intrinsic motivation, relatedness, competence, and autonomy, which drive 

self-regulated learning (Chiu, 2024). 

 

Meeting these psychological requirements enables chatbots to create an educational environment in which students 

direct their learning journey and perceive AI assistance rather than authority (McGrath et al., 2024). Research 
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supports the idea that interactive support systems with custom-configured AI chatbots reduce both internal and 

external mental workload and elicit positive emotional responses (Becker et al., 2025). AI chatbots generate 

customized educational content that keeps students focused while developing their problem-solving and innovative 

thinking skills (Wang & Xue, 2024; Xu et al., 2024). The systems provide instant feedback that adapts to each 

student's learning rate to achieve better educational outcomes (Chen, 2024). 

 

Some research on the adoption of AI chatbot educational support requires identifying variables that influence 

students' acceptance of the technology (Roca et al., 2024). Evidence from a systematic review indicates that AI 

chatbots have become more common in educational environments, as advances in AI and natural language 

processing have expanded their capabilities (Lo et al., 2024). Generative AI chatbots have become more advanced, 

so scientists lack enough empirical studies that use proven learning theories to measure their effects on student 

learning and teaching methods. AI chatbots in education demonstrate the positive benefits of generative AI for 

personalized learning and student motivation (Wang & Li, 2024).  

 

However, few studies provide empirical evidence of their use in electrical engineering applications. Further 

research is still needed to assess these tools using established pedagogical frameworks, including experiential, 

reflective, active, and self-regulated learning, as current studies do not. Information deficiency by studying the 

impact of a Self-Determination Theory-based multi-role chatbot on students' self-regulated learning behaviors and 

their basic electrical engineering academic performance is also crucial. It is necessary to examine, through 

scientific methods, whether GenAI systems with theoretical foundations lead to better educational outcomes than 

the initial positive user experiences with these tools.  

 

2.2. Effectiveness of AI integration in learning 

 

Academic professionals are increasingly interested in ChatGPT and similar generative AI chatbots, but further 

research is needed to establish their effects on student educational outcomes. Research indicates that AI tutoring 

systems and domain-specific chatbots yield positive learning outcomes (Gao et al., 2024; Liu et al., 2025). 

Nevertheless, as scientists increasingly study ChatGPT and similar generative AI chatbots, it is essential to conduct 

further studies to determine their effects on self-regulated learning in basic electrical engineering. The research 

addresses a knowledge gap by investigating how a multi-role chatbot system helps students develop self-regulated 

learning skills in basic electrical engineering, thereby achieving better academic results. The method follows the 

principles of Generative Learning Theory because it enables learners to build knowledge through active 

construction, a process that AI chatbots support through customized, interactive prompts, as Wu et al. (2024) said. 

The educational generative AI architecture uses Retrieval-Augmented Generation to combine pre-trained language 

models with information retrieval systems, which produce answers through contextual understanding. The 

integration provides the chatbot with precise, up-to-date information, thereby improving instructional quality, 

according to Asghar et al. (2025). 

 

2.3. Basic electrical engineering learning outcome through using AI-generated 

 

Consequently, it is imperative to examine the impact of these resources on students' engagement, comprehension, 

and application of theoretical concepts within the electrical engineering curriculum. This study will also assess the 

efficacy of AI-powered conversational agents in enhancing deep learning and problem-solving skills, which are 

crucial for comprehending complex engineering principles (Caccavale, 2025). It entails assessing whether the 

chatbot's interactive features yield measurable improvements in students' analytical competencies and their ability 

to apply theoretical knowledge to practical circuit analysis and design challenges. 

 

To gain a comprehensive understanding of electrical engineering, the chatbot must be able to interpret and generate 

responses from multimodal inputs, including circuit diagrams and graphical representations of electrical 

phenomena (Polverini & Gregorcic, 2024). Also, it is important to know how the chatbot's flexible learning paths 

can accommodate different learning styles and speeds, helping each student learn the basics of electrical 

engineering as quickly as possible. The students understand how integrating advanced machine learning and 

natural language processing algorithms into the chatbot can provide real-time, customized feedback, thereby 
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reconciling the disparity between the acquisition of theoretical knowledge and the development of practical skills 

(Thway et al., 2024). 

 

The personalized feedback is important for helping students learn and encouraging them to correct themselves, 

ultimately helping them better understand complex electrical engineering concepts. Furthermore, the chatbot's 

ability to foster adaptive expertise, enabling students to apply acquired problem-solving techniques to unfamiliar 

and ambiguous engineering contexts, is a competency frequently absent in conventional curricula. In electrical 

engineering, students often encounter circuit configurations unfamiliar to them, making it hard to recognize 

patterns (Ridgway & Cox, 2024). This ability to adapt and apply what they know is essential. The model was 

described in Figure 1. 

 

 
Figure 1: Chatbot-Assisted Self-Regulated Learning Model in Basic Electrical Engineering 

 

3. Method 

 

3.1. Learning model preparation 

 We created a learning model specifically for understanding basic electrical engineering by using large language 

models. We enable students to engage in deep, conversational interactions and use intelligent tutoring system 

features. The platform enables the development of complex AI-powered tools that deliver personalized learning 

materials and provide students with the feedback they need to encourage active learning and develop their critical 

thinking skills. We make the whole experience more user-friendly, so students can easily access learning materials 

and interact with teachers/staff on Microsoft Teams in a very comfortable, familiar way. The development process 

primarily involves building a detailed knowledge base from standard electrical engineering textbooks, research 

papers, and industry standards, ensuring the information provided is accurate and up to date. 

 

3.2. Participants 

 

We involved all students who took the Basic Electrical Engineering subject. There are six class groups (Group 1: 

27 students; Group 2: 25 students; Group 3: 28 students; Group 4: 28 students; Group 5: 26 students; and Group 

6: 25 students). Based on the census, the origin of school types is as follows: senior high school = 106 students; 
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vocational high school = 53 students; public school = 96 students; and private school = 63 students. There are 109 

males and 50 females (Table 1).  

Table 1: Group participants based on Subject Factors 

 Value Label N 

School Status 1 Public School 96 

2 Private School 63 

School Types 1 Senior High School 106 

2 Vocational High School 53 

Gender 1 Male 108 

2 Female 51 

 

3.3. Research design 

 

We assess the participants' initial ability before implementing the learning through a pre-test and administer a post-

test on the learning outcomes at the end of the instruction (Figure 2). We measure learning effectiveness using the 

Normalized Gain Rules (Hake, 1998). Investigating the impacts of participants' diverse backgrounds on learning 

effectiveness. Furthermore, we trace the participants' attitudes and perceptions toward learning. 

 
Figure 2: Research Design 

 

3.4. Instruments and Data Collection 

 

We first developed all the instruments and then tested their validity and reliability. There are three instruments: an 

assessment sheet to validate the model, involving the teacher, students, and the expert; tests to collect initial data 

on basic electrical engineering ability and learning outcomes; and Questionnaires to assess participants' attitudes 

and perceptions toward learning.  
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The assessment sheet consists of 25 valid items with a reliability coefficient of .71. The test consists of 40 valid 

items, including 30 multiple-choice and 10 essay items, with a reliability coefficient of .70. The assessment score 

is 0-100, with 2 points for correct multiple-choice answers and 4 points for correct essay answers. Questionnaires 

consist of 50 valid items (Likert Scale, 1 = Strongly disagree; 2 = Disagree ;3 = Enough agree; 4 = Agree; 5 = 

Strongly agree) with a reliability coefficient of .72. Minimum score = 50, maximum 250. 

To validate the learning model, data were collected and analyzed in two rounds: Round 1 involved 20 students, 

one lecturer, and one expert; and Round 2, 55 students, three lecturers, and two experts. A pre-test was used to 

measure the students’ initial abilities. Learning outcomes were collected after implementing the model for one 

semester, and students' perceptions of the learning model were also collected. 

 

3.5. Data analysis 

 

Quantitative data from pre- and post-intervention assessments were analyzed using Hake’s rule to determine 

learning effectiveness, 

g =
𝑃𝑜𝑠𝑡_𝑡𝑒𝑠𝑡 𝑠𝑐𝑜𝑟𝑒−𝑃𝑟𝑒_𝑡𝑒𝑠𝑡 𝑠𝑐𝑜𝑟𝑒

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑠𝑐𝑜𝑟𝑒−𝑃𝑟𝑒_𝑡𝑒𝑠𝑡 𝑠𝑐𝑜𝑟𝑒
   (Hake, 1998) 

Description: 

g = Normalized gain 

Post-test score = the score on the post-test 

Pre-test score = the score on the pre-test 

Maximum possible score = the maximum possible score on the test = 100  

 

Measuring criteria of learning effectiveness based on Hake, namely High gain = g ≥ .7 (highly effective); Medium 

gain = .3 ≤ g < .7 (moderately effective); and Low gain = g < .3 (less effective), and additionally, analyzing student 

learning outcome gain based on the students’ school varieties by ANOVA at a .05 significance level. To describe 

students' attitudes and Perception trend levels regarding learning, descriptive statistics were used. The minimum 

ideal score is 50, and the maximum is 250. There are five categories of attitude and perception trend level 

determined: Very positive, 210 < Mean ≤ 250; Positive, 170 ≤ Mean < 210; Quite positive, 130 ≤ Mean < 170; 

Less favorable, 90 ≤ Mean < 130; Very less favorable, 50 ≤ Mean ≥ 90 —all statistical analyses using IBM SPSS. 

 

4. Results 

 

4.1. Learning model feasibility  

 

Based on the Round 1 validation, which involved 20 students, one lecturer, and one expert, several aspects need 

improvement, including the learning flow, the learning guide, the scope of the learning materials, and the 

measurement of learning objective achievement. After revising the model, it was implemented with 55 students 

and validated by three lecturers and two experts (Round 2). The students', three lecturers', and two experts' 

assessments concluded that the model was suitable (Table 2). It means the model is ready to use. 

 

Table 2: Learning model feasibility test 

Try out Students Lecturer Expert Conclusion 

 

Round 1 20 1 1 Revisions needed: the learning flow, the learning guide, the 

scope of learning materials, and the measurement of 

learning objectives achievement. 

Round 2 55 3 2 No revisions (feasible) 

 

 

4.2. Learning model effectiveness 
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Mean scores of pre-tests, post-tests, and gain (Table 3) are the basis for determining the learning effectiveness. 

The normalized gain (g) calculation is   
49.04 

66.54
= .737 > .7. It describes a learning model that is highly effective in 

basic electrical engineering instruction. 

 

Table 3: Pre-test score, post-test score, and learning outcome gain score descriptions 

 N Minimum Maximum Mean Std. Deviation 

Pre-test Scores 159 25 40 33.46 3.548 

Post-test Scores 159 75 90 82.50 4.206 

 Outcome Gains 159 38 63 49.04 4.639 

 

 

4.4. The gain in students' learning outcomes by Background.    

 

Each group's student learning outcomes (gains) by school type, status, and gender (Table 4) showed that females 

outperformed males in all groups. The gain scores of participants' group learning outcomes serve as the basis for 

analyzing the role of students' existing diversity in learning.  

 

 

 

It was found that students' variety of school backgrounds and gender did not significantly affect the learning 

outcomes of chatbot-assisted self-regulated learning (Table 5). It was decribed signifance of School Status (Sig.  

= .595 > .05), School type (Sig. = 562 > .05), and gender (Sig. = .065 > .05). Likewise, their fellow interactions 

did not impact (School status and School type, Sig. = 820 > .05; School status and Gender, Sig. .950 > .05); School 

type and gender, Sig. = .402 > .05; School status, School type, and gender, Sig. = .744 > .05). 

 

 

 

 

Table 4: Participants' group gain score descriptions 

Dependent Variable:    Outcome Gains   

School Status School Types Gender Mean Std. Deviation N 

Public School Senior High School Male 47.95 4.274 38 

Female 50.57 5.372 21 

Vocational High School Male 48.67 3.886 24 

Female 49.23 3.539 13 

Total Male 48.23 4.111 62 

Female 50.06 4.741 34 

Private School Senior High School Male 48.86 4.679 36 

Female 51.00 6.527 11 

Vocational High School Male 48.60 4.006 10 

Female 49.83 5.742 6 

Total Male 48.80 4.500 46 

Female 50.59 6.104 17 

Total Senior High School Male 48.39 4.469 74 

Female 50.72 5.692 32 

Vocational High School Male 48.65 3.860 34 

Female 49.42 4.194 19 

Total Male 48.47 4.270 108 

Female 50.24 5.179 51 



Asian Institute of Research                                      Education Quarterly Reviews                                           Vol.9, No.3, 2026  

73 

Table 5: Tests of Between-Subjects Effects 

Dependent Variable:    Outcome Gains   

Source 

Type III Sum of 

Squares df Mean Square F Sig. 

Corrected Model 147.556a 7 21.079 .979 .449 

Intercept 269601.001 1 269601.001 12517.536 .000 

Sch_Status 6.105 1 6.105 .283 .595 

Sch_Type 7.266 1 7.266 .337 .562 

Gender 74.477 1 74.477 3.458 .065 

Sch_Status * Sch_Type 1.125 1 1.125 .052 .820 

Sch_Status * Gender .059 1 .059 .003 .958 

Sch_Type * Gender 15.218 1 15.218 .707 .402 

Sch_Status * Sch_Type * Gender 2.306 1 2.306 .107 .744 

Error 3252.218 151 21.538   

Total 385747.000 159    

Corrected Total 3399.774 158    

a. R Squared = ,043 (Adjusted R Squared = -,001) 

 

 

4.5. Students' Attitudes and Perceptions on the learning model 

The trend in students' attitudes and perceptions of learning, based on school status, school type, and gender, is 

positive. Their means are in 170 ≤ Mean < 210 (Table 6). It describes that the students tend to accept the learning 

model positively. Based on interviews with several students, they generally said the learning model facilitates their 

learning.  

 

Table 6: Students' Attitude and Perception Description 

  N Mean Std. Deviation 

Attitude and Perception  All 159 181.85 18.103 

School status Public School 96    180.70 18.715 

Private School 63 183.60 17.128 

School type Senior High School 106 181.85 17.852 

Vocational High School 53 181.85 18.770 

Gender Male 108 181.68 18.136 

Female 51 182.22 18.208 

 

5. Discussion 

 

5.1. Chatbot-assisted self-regulated learning environment effectiveness 

 

The developed learning model proved effective for use in basic electrical engineering instruction. This 

effectiveness was highlighted by its ease of use and practicality. However, it is important to emphasize that 

adaptive learning tools that accurately measure student understanding and provide the necessary support to correct 

misconceptions remain needed (Afzaal et al., 2021). Specifically, examining students' behavioral patterns when 

interacting with the chatbot could enable the computer to adjust teaching methods more quickly, as Caccavale 

(2025) suggested. 

The insights gained from these exchanges inform the creation of more individualized learning paths, enabling the 

chatbot to guide students through remedial modules or offer additional challenges based on their demonstrated 

skills and areas of weakness. Furthermore, these interaction patterns can reveal the effectiveness of various chatbot 
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responses, thus encouraging incremental adjustments to the chatbot's pedagogical design and its overall 

effectiveness in supporting self-regulated learning (Lin et al., 2024). Such an iterative improvement process, 

guided by continuous review of user interactions and learning outcomes, is crucial for intelligent tutoring systems 

to effectively promote self-regulation (Ng et al., 2024; Mejeh et al., 2024). Research has revealed that some 

students exhibit overconfidence in their understanding, particularly when rejecting chatbot guidance on complex 

problems, which can lead to incorrect corrections. This fact highlights the need to develop sophisticated AI 

mechanisms that can detect such metacognitive illusions and prevent them through adaptive feedback and 

corrective prompts (Kumar et al., 2024). 

 

5.2. Students' diversity's impact on learning  

The findings from this study suggest that various demographic factors, such as school type, socioeconomic status, 

and gender, do not significantly influence learning outcomes within chatbot-assisted self-regulated learning 

environments. This outcome diverges from conventional educational research that frequently identifies these 

variables as significant predictors of academic achievement in traditional settings. Instead, the consistency 

observed across diverse student backgrounds highlights the potential of chatbot-assisted self-regulated learning to 

offer an equitable and universally effective pedagogical approach (Ng et al., 2024). This observed uniformity 

suggests that the scaffolding provided by educational chatbots in facilitating self-regulated learning processes may 

effectively mitigate pre-existing disparities arising from varied educational or socioeconomic contexts (Guan et 

al., 2024).  

 

The mitigation underscores the capability of AI-driven tools to democratize access to effective learning strategies, 

enabling students from all backgrounds to develop critical metacognitive skills and improve academic performance 

(Chang et al., 2023). This aligns with broader research indicating that chatbot technology can exert a medium-to-

high effect on overall learning outcomes, independent of such moderator variables (Deng & Yu, 2023). 

Specifically, metacognitive support delivered via chatbots has been shown to enhance self-regulated learning 

abilities, particularly in task strategy and self-evaluation, thereby optimizing the learning experience for all 

students (Xu et al., 2025). This further suggests that the inherent adaptability and personalized feedback 

mechanisms embedded in chatbot technologies effectively cater to individual learning needs, thereby neutralizing 

the differential impact typically associated with diverse student demographics (Manzanares et al., 2023).  

 

5.3. Students' perception of the learning’s usefulness and usability  

 

Students generally viewed the chatbot as an effective tool for personalized learning and quick feedback, which in 

turn would lead to a more efficient grasp of the course material, in line with Chen (2024). Nevertheless, this 

favorable reception did not extend to all aspects of the chatbot's functionality, as some students doubted its ability 

to handle complex or subtle inquiries.  

 

The need for the chatbot to have adaptive response depth, which could adjust the complexity of the answer to the 

student's level of expertise, was repeatedly raised, suggesting that students wanted more intricate interactions. 

Moreover, examination of the data concerning the students' opinions about the chatbot revealed that their principal 

appreciation of the chatbot was to be used for clarification of doubts and understanding of concepts; however, they 

considered the chatbot to be less helpful in the areas of thorough content review and exam simulations (Vera, 

2024). Although the chatbot successfully served as an on-demand tutor for certain concepts, its current 

configuration may not fully support broader learning goals or accommodate diverse learning strategies. 

 

This highlights the need for future versions to include stronger systems for more thorough review, possibly through 

structured learning paths or connections to external knowledge, to increase their overall educational value (Lin et 

al., 2024). The chatbot was also seen as having potential to promote collaboration and collaborative learning, 

primarily through collaborative problem-solving and peer explanation. Moreover, features that allow students to 

record their thought processes or share interpretations with a virtual peer would foster higher-order thinking and 

understanding beyond mere memorization. 
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5.4. School background and demographic factors mediate effectiveness and engagement with a chatbot-assisted 

self-regulated learning. 

Students' backgrounds and demographic factors, prior academic achievement, and learning styles may 

substantially influence their interactions with and perceptions of the chatbot, suggesting that a one-size-fits-all 

approach to integrating AI into education may not be practical (Stöhr et al., 2024). It also reiterates the need for 

personalized chatbot design that adapts to diverse learning profiles, thereby enhancing engagement and learning 

outcomes across a diverse student population (Sandu et al., 2024).  

 

For example, students who prefer visual learning would benefit from chatbots with interactive diagrams and 

simulations in their interfaces. In contrast, students who prefer auditory learning benefit more from chatbots with 

audio explanation features. Students with a preference for kinesthetic learning may benefit from chatbot features 

that incorporate virtual experiments or active problem-solving scenarios (Sadegh‐Zadeh et al., 2023). 

 

The effectiveness of these individualized approaches is further corroborated by findings that students' prior 

academic achievement was a significant predictor of how quickly they used the chatbot and of their performance 

improvement. For instance, students with high prior attainment frequently used chatbot assistance to ask advanced 

questions and broaden their knowledge. In contrast, students with lower prior attainment tended to use it only to 

build their foundational knowledge (Wambsganß et al., 2024). In contrast, students with lower prior academic 

achievement often require more structured, guided interactions with chatbots, relying on them as a primary 

resource to clarify key concepts and help address their near-complete lack of knowledge.  

 

The findings point to the necessity of adaptive scaffolding tailored to individual academic experiences and learning 

preferences as a prerequisite for increasing chatbot efficacy and ensuring equitable access to their learning 

potential (Hauser et al., 2024). Differentiating support at the individual level through more granular learner 

profiling can improve the chatbot's utility for a broader range of students. Doing so would involve implementing 

advanced diagnostic techniques embedded in the chatbot to assess students independently and dynamically update 

their instructional approach (Stöhr et al., 2024). Having insight into user preferences and choices, including the 

number of questions or the time required to achieve the outcome, can enable the chatbot to engineer prompts that 

best suit individual student preferences and improve the efficiency of their learning experience.  

 

6. Conclusion 

 

The efficacy of chatbots depends on their personalized and scaffolding capabilities, which enhance reading 

comprehension and problem-solving, especially within a Retrieval-Augmented Generation architecture. The 

adaptability of this approach allows the chatbot to provide scaffolded responses and thorough steps, which are 

essential for constructing knowledge and developing understanding.  

 

7. Limitation 

 

Despite the promising findings, this study encountered several limitations that warrant consideration for future 

research, including the relatively short study horizon and the focus on a single academic discipline, which may 

limit the generalizability of the results.  
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