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Abstract

This study explores the impact of Artificial Intelligence (Al)-powered
applications in Science, Technology, Engineering, and Mathematics (STEM)
education, emphasizing their role in improving students’ problem-solving
skills and self-efficacy. It examines how personal factors such as ICT self-
efficacy and self-directed learning (SDL), along with technological aspects
like perceived ease of use (PEU) and perceived convenience (PC), shape
students’ engagement with Al-driven tools. Using a quantitative method,
survey data were collected from 117 students during February—March 2025.
The research employed the Structured Predictive Latent Semantic System
(SPLSS) model and Artificial Neural Network (ANN), validated through
Structural Equation Modeling (SEM), to ensure reliability and predictive
accuracy. Results show that Al tools significantly enhance problem-solving
and self-efficacy. PC and intention to use were strong predictors of chat-
bot utilization, while ICT self-efficacy and PEU influenced attitudes and
behavioral intentions. Importance-Performance Map Analysis (IPMA) re-
vealed convenience as most impactful, and self-efficacy as least. All hy-
potheses were supported, confirming the model’s robustness. The study
concludes that Al-driven applications create personalized, engaging, and
confidence-boosting STEM learning experiences, highlighting the need for
user-friendly, contextually adaptive Al tools and suggesting future research
on long-term impacts and scalability for inclusive STEM education.
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1 Introduction

STEM education is being adapted by Al by offering personalized learning
experiences that help students improve their problem-solving skills and
boost self-efficacy. In recent decades, many technological developments
have raised. Traditional teaching methods often fail to address individual
learning needs, making it challenging for students to develop confidence
in tackling complex problems (Esiyok et al), 2025). The increasing in-
corporation of Al in educational settings, many STEM students struggle
with problem-solving due to a lack of personalized learning approaches
(Yu et al), 2025). Students’ self-efficacy in STEM subjects is often low,
leading to decreased motivation and academic performance. Existing Al-
powered learning tools have yet to be fully evaluated for their effectiveness
in addressing these challenges (Obiwuru, 2024). In this study focus on the
problems and find the ways how these problems can be solved. This study
goals to examine the part of Al-powered STEM education applications
in enhancing students’ analytical and reasoning capabilities in addressing
problems and self-efficacy. Using the SPLSS model, the research evaluates
the efficiency of Al-powered learning tools in fostering high-level cognitive
processing and analytical assessment as well as independent abilities to
solve problem. Al chatbots and digital learning assistants have been devel-
oped to provide real-time support; their effectiveness depends on students’
willingness to engage with them. Several studies have examined AI’s role in
education, emphasizing its potential to improve learning efficiency, provide
real-time feedback, and foster SDL (Roca et al,, 2024). But all students
haven’t same knowledge or adaptation ability. Some factors like Lack of
ICT Self-Efficacy, Perceived Complexity of Al Tools, Low Motivation for
SDL, Limited Understanding of AI’s Educational Benefits are responsible.
Students struggle to use Al chatbots. To solve this problem, research, build
a framework to overcome the challenges and find out the factors that have
direct relation to help students to use Al chatbots and analyse the factors



effectiveness on Al driven App (Ayanwale and Ndlovu, 2024).

AT has emerged as a potent force for change in education, particularly in
STEM subjects, in the age of rapid digital transition. In order to provide
immediate feedback, individualized learning routes, and ongoing academic
support, chatbot systems—which are sometimes regarded as a subset of in-
telligent tutoring systems—are being more and more integrated into STEM
learning platforms. By simulating human-like interaction, these technolo-
gies help students better understand difficult subjects, lessen cognitive load,
and develop conceptual understanding. Despite these benefits, student up-
take of Al chatbots is still inconsistent, indicating that user approval is
not always ensured by technological capacity. Examining the behavioral,
cognitive, and environmental elements that affect students’ intentions to
use Al chatbots in STEM education is therefore crucial.

To look at these issues, this study uses a hybrid analytical framework that
combines ANN with SEM. While ANN is used to find nonlinear patterns
and improve predictive accuracy, SEM is intended to test proposed causal
links among latent constructs. This integrated approach offers a more thor-
ough and nuanced understanding of user behavior in Al-supported learning
settings than conventional linear approaches (Mogaji et al|, 2024).

This study’s theoretical foundation is based on well-known models,
such as Social Cognitive Theory (SCT), the Unified Theory of Acceptance
and Use of Technology (UTAUT), and the Technology Acceptance Model
(TAM). Perceived Usefulness (PU), Perceived Ease of Use (PEOU), ICT
Self-Efficacy, Perceived Complexity, Social Influence, Facilitating Condi-
tions, and Behavioral Intention (BI) are among the core constructs that
are analyzed. Furthermore, in order to better capture students’ engage-
ment with Al-driven systems, Self-Directed Learning (SDL) preparedness
and Al awareness are included as moderating variables (Xiao and Tang,
2025).

The degree to which students think AI chatbots can enhance their academic
achievement is known as perceived usefulness. Students are far more likely
to use chatbots when they understand that they improve learning outcomes,
offer precise explanations, and help with problem-solving. In a similar vein,
perceived ease of use is crucial; whereas complicated or badly designed sys-
tems discourage participation, user-friendly interfaces and straightforward
navigation promote involvement.

ICT Self-Efficacy, which measures students’ confidence in their capacity to



use digital technology, is another significant factor. Higher ICT self-efficacy
learners are more likely to actively investigate AI technologies and incor-
porate them into their study regimens. Students who lack technological
confidence, on the other hand, could be reluctant or anxious, which lowers
their chances of being adopted. According to recent research, students’
confidence and willingness to use Al-based tools can be greatly increased
by structured training programs, guided tutorials, and practical experi-
ence (Bedenlier et al), 2025). Adoption behavior is adversely affected by
perceived complexity. Students are less inclined to use Al systems if they
see them as being challenging to use or comprehend. This obstacle can
be lessened by making system design simpler, providing clear instructions,
and guaranteeing user-friendly interaction. Additionally, raising awareness
of the educational advantages of Al technologies through workshops and
orientation sessions can further increase acceptance.

Motivation for SDL is another important factor. While Al chatbots are in-
tended to support independent learning, their efficacy depends on students’
intrinsic motivation; learners who are driven to take charge of their own
learning process are more likely to engage deeply with Al tools. Strategies
like gamification, adaptive feedback, and personalized learning materials
can boost motivation and maintain engagement ([Ullah et al,, 2025).
Students’ behavioral intentions are also significantly shaped by social influ-
ence. Students’ opinions of Al chatbots can be greatly influenced by peer
use, institutional support, and teacher encouragement. Students are more
inclined to use chatbots when teachers actively incorporate them into their
lessons and emphasize their advantages. Similarly, successful implemen-
tation depends on Facilitating Conditions, such as institutional backing,
dependable internet connectivity, and availability to digital devices. Lim-
ited infrastructure continues to be a significant barrier to the widespread
adoption of Al in many developing environments, underscoring the neces-
sity of policy-level initiatives to guarantee fair access (van der Vlies, 2020).
There are two steps to the hybrid SEM-ANN model used in this investi-
gation. First, SEM finds statistically significant predictors of behavioral
intention and validates the correlations between variables.

ANN then evaluates the relative significance of these predictors and iden-
tifies nonlinear interactions that SEM is unable to adequately account for.
Deeper understanding of students’ adoption behavior is provided by this
integrated method, which enhances both explanatory power and prediction



performance (Ayanwale and Ndlovu, 2024). The results should show that
the most important factors influencing students’ intention to utilize Al
chatbots are Perceived Usefulness, ICT Self-Efficacy, and SDL Motivation.
On the other hand, perceived complexity and low awareness are probably
going to be significant obstacles. By highlighting intricate relationships be-
tween these elements, which are frequently missed in conventional studies,
ANN results further improve comprehension.

The paper suggests a conceptual framework to enhance the use of Al chat-
bots in STEM education based on these findings. This paradigm empha-
sizes the significance of activities to raise awareness, training in digital
literacy, user-centered design, and robust institutional support. The frame-
work aims to improve learning outcomes, boost self-efficacy, and increase
student engagement by tackling both technological and psychological is-
sues. By providing a thorough analysis of the variables driving chatbot
adoption in STEM learning environments, this study adds to the growing
body of research on Al in education. A more precise and comprehensive
analysis of user behavior is made possible by the innovative methodolog-
ical contribution of integrating SEM with ANN. The results offer useful
guidance for educators, developers, and legislators in creating Al-powered
educational systems that meet the demands of a wide range of learners.
In order to further promote individualized STEM education, future study
may expand on this work by examining cross-cultural differences, longitudi-
nal effects, and the incorporation of cutting-edge technology like generative
ATl and immersive learning systems.

Extensive research has investigated the incorporation of Al-driven appli-
cations within STEM education, underscoring their potential to enhance
problem-solving abilities and boost students’ self-efficacy. Findings re-
veal that Al-based learning tools, including intelligent tutoring systems,
chatbot-assisted instruction, and adaptive learning platforms, facilitate in-
dividualized learning environments that respond to the specific cognitive
and academic needs of each student. These applications encourage real-
time input, computerize appraisals, and back intelligently problem-solving
exercises, in this manner making a difference understudies pick up certainty
in tending to complex STEM concepts (Sun et al/, 2025).

AT has advanced quickly in recent years, providing intelligent, adaptive,
and data-driven learning environments that have significantly changed the
pedagogical framework of STEM education. Among these developments,



Al-powered chatbots have become well-known as interactive learning re-
sources that may mimic human-like dialogue and provide ongoing academic
support outside of the conventional classroom. These systems are very suc-
cessful for individualized training since they not only provide instantaneous
replies but also dynamically adapt to learners’ cognitive capacity (Holmes
et all, 2019; Xue et al., 2026).Students’ desire to use these technologies de-
pends on a number of psychological and technological elements that need
to be carefully considered, notwithstanding their increasing integration.
Perceived Ease of Use (PEU), or the degree to which consumers think en-
gaging with a system needs little effort, is a key concept driving the adop-
tion of Al chatbots. PEU in STEM learning environments is influenced
by responsiveness, general usability, clarity of chatbot explanations, and
interface simplicity. Students are more likely to interact with and incor-
porate Al systems into their learning processes when they are built with
user-friendly features and intuitive navigation. Easy interaction greatly
improves user satisfaction and learning performance in Al-supported envi-
ronments, according to recent research (Ibrahim et ali, 2025).

In response to the first research question (RQ1), a number of factors that
influence PEU can be found, such as past technological expertise, the qual-
ity of the system design, accessibility, and the availability of technical help.
Students’ opinions of ease of use are also shaped by outside factors like
training opportunities, peer collaboration, and institutional advice. Stu-
dents’ trust and desire to use Al chatbots in STEM education can be
greatly increased by well-organized onboarding procedures, unambiguous
instructions, and responsive system architecture.

Al-driven learning systems are essential for improving students’ problem-
solving skills and facilitating SDL, according to the second research ques-
tion (RQ2). Al chatbots help learners tackle complicated tasks more
successfully by offering multiple solution techniques, adaptive feedback,
and step-by-step instruction. These systems promote deeper cognitive
engagement by promoting experimentation, critical thinking, and itera-
tive learning. Additionally, by providing tailored recommendations, mon-
itoring progress, and modifying content according to individual perfor-
mance, Al technologies enable students to take charge of their educa-
tional path. These characteristics encourage independence, perseverance,
and drive—essential elements of successful self-directed learning (Zawacki-
Richter et alj, 2019). As a result, Al-supported environments boost stu-



dents’ confidence and capacity for independent learning in addition to im-
proving academic results.

In relation to the third research question (RQ3), students’ adoption of Al-
powered instructional technologies is significantly predicted by their level
of ICT self-efficacy. An individual’s confidence in their capacity to use
digital technology successfully is reflected in their ICT self-efficacy. Strong
technical confidence increases the likelihood that students will experiment
with learning tools, investigate Al features, and incorporate them into their
daily academic routines. On the other hand, those who have lower levels of
self-efficacy frequently feel hesitant or anxious, which might restrict their
involvement. Educational institutions could use focused tactics like guided
learning experiences, practical training sessions, and digital literacy initia-
tives to address these issues. Incorporating Al tools into regular curriculum
can also help students get more comfortable with them and normalize their
use.

In order to give a thorough analysis of the factors impacting the adoption of
AT chatbots, this study employs a hybrid SEM and ANN approach. SEM
is used to investigate the associations between latent variables, including
both direct and indirect effects, and evaluate the conceptual framework.
This approach guarantees statistical rigor and a solid theoretical basis for
comprehending user behavior. After that, ANN is used to find intricate
nonlinear interactions and assess the relative significance of many predic-
tors. In contrast to traditional statistical methods, ANN can uncover hid-
den patterns in massive datasets, increasing prediction accuracy and pro-
viding more profound insights into decision-making processes (Ayanwale
and Ndlovu, 2024).

Importance-Performance Map Analysis (IPMA) is used to bolster the anal-
ysis even more. By assessing each factor’s performance and relevance, this
method expands on SEM findings and enables researchers to pinpoint high-
priority areas for improvement. For instance, focused educational programs
can be created to close the gap if ICT self-efficacy is found to be highly influ-
ential yet underperforming. These insights are useful for creating workable
plans to improve the uptake and efficiency of Al-driven learning systems.
The results of this study advance both theoretical and practical fields. By
combining several frameworks—such as technological acceptability, self-
efficacy, and self-directed learning—into a single model, the study theoret-
ically extends current understanding. Practically speaking, it offers devel-
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opers, educators, and legislators practical suggestions for creating more
approachable, user-friendly, and successful Al-based learning resources.
These results emphasize how crucial it is to match technical innovation with
user requirements and educational objectives. In conclusion, by enhancing
learning effectiveness, bolstering problem-solving abilities, and encouraging
learner autonomy, AI chatbots have enormous potential to revolutionize
STEM education. However, a number of variables, such as perceived util-
ity, ICT self-efficacy, perceived ease of use, and motivating components,
are necessary for their successful deployment. This study provides a thor-
ough and multifaceted knowledge of these elements through the use of a
hybrid SEM-ANN framework, facilitating the creation of effective strate-
gies for Al adoption in education. By examining long-term effects, cultural
differences, and the influence of cutting-edge technologies like generative
AT and multimodal learning systems on the direction of STEM education,
future study can build on this work (YUKSEL, 2025).

The research methodology includes a systematic data collection approach,
employing surveys directed at STEM students to evaluate their experiences
with Al chatbots and digital learning resources. The data gathered is anal-
ysed through SPLSS to determine how effectively Al-powered platforms
facilitate students’ independent learning, enhance their problem-solving
abilities, and provide tailored feedback. This research is the inaugural ef-
fort to utilize the SPLSS model for examining Al adoption within STEM
education. It offers a distinctive framework that integrates personal ele-
ments (ICT self-efficacy, SDLT) alongside TAM constructs (PU, PEU) to
evaluate their influence on problem-solving and self-efficacy (Kong et al,,
2025). The contribution of this paper is the factors that were used. In this
research thirteen factors are used for Al chatbots independent variable. In
the previous research seven factors are used as variables. The emphasis on
cognitive outcomes, rather than only academic achievement, differentiates
it from prior studies. IPMA enhances practical significance by prioritizing
critical adoption factors. The use of SPLSS model in STEM education is
new and for this the factors effectiveness becomes more understandable.

1.1 Background

Artificial Intelligence (Al) is increasingly transforming STEM education
by enabling adaptive, personalized, and interactive learning environments
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that enhance students’ academic performance and engagement. Tradi-
tional classroom approaches often fail to address individual learning dif-
ferences, limiting students’ ability to develop strong problem-solving skills
and self-efficacy. To overcome these limitations, Al-powered tools such
as chatbots, intelligent tutoring systems, and digital learning assistants
provide real-time feedback, automated assessment, and customized guid-
ance that support self-directed learning. These technologies help learners
independently explore complex STEM concepts, receive immediate assis-
tance, and strengthen their analytical thinking abilities. Prior research
suggests that factors including ICT self-efficacy, perceived ease of use, per-
ceived usefulness, and learning motivation significantly influence students’
acceptance and effective use of educational technologies. Despite growing
adoption of Al applications, understanding how these personal and tech-
nological factors collectively shape students’ intention to use Al chatbots
remains limited. Therefore, integrating Al-driven solutions into STEM ed-
ucation presents an opportunity to create more engaging, accessible, and
confidence-building learning experiences that foster both cognitive devel-
opment and academic success.

1.2 Problem Statement

Although Al-powered tools offer promising benefits for enhancing STEM
learning, many students still struggle to adopt and effectively use these
technologies. Traditional teaching methods often lack personalization, re-
sulting in low motivation, weak problem-solving skills, and reduced self-
efficacy among learners. Furthermore, students with limited ICT skills
frequently perceive Al tools as complex and difficult to use, which nega-
tively affects their confidence and willingness to engage with such systems.
Factors such as low ICT self-efficacy, perceived complexity, insufficient un-
derstanding of AI’s educational benefits, and lack of self-directed learning
readiness create barriers to Al chatbot adoption. Additionally, existing
studies have not comprehensively evaluated how these technological, mo-
tivational, and behavioral factors interact to influence students’ intention
and actual usage of Al-based STEM applications. This gap highlights
the need for a structured analytical framework to identify the key deter-
minants that drive adoption and effectiveness. Without addressing these
challenges, the potential of AI chatbots to improve students’ performance,
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independence, and learning outcomes in STEM education cannot be fully
realized.

1.3 Research Questions

A crucial advantage of Al in STEM instruction is the capacity of advanc-
ing SDL. Ponders demonstrate that understudies who connected with Al-
powered chatbots and computerized coaching frameworks show expanded
autonomy, tirelessness, and inspiration to dive into STEM disciplines (Pel-
lag, 2025). Furthermore, Al applications enhance cognitive skills by analysing
students’ learning behaviors, pinpointing areas of weakness, and offering
tailored suggestions to boost problem-solving effectiveness.

RQ 1: What factors determine PEU of Al chatbots in STEM learning?

RQ 2: How does Al-powered learning increase students’ problem-solving
capabilities and SDL?

RQ 3: How does ICT self-efficacy influence students’ adoption of Al-
powered STEM education apps?

The key objective of the article is to investigate how Al-powered tools
influence students’ problem-solving skills and self-efficacy in STEM edu-
cation. A major focus is to analyse how ICT Self-efficacy, Technology
Acceptance and Learning Motivation (TA & LM), PEU, PC, and learning
inspiration contribute to students’ willingness to accept Al-powered tools
(Tam et al,, 2020). This study intends to create a thorough conceptual
framework that combines theories of technology acceptance, self-efficacy,
and motivation to improve Al-driven learning environments. By pursuing
these goals, the research aims to connect the adoption of Al with success-
ful learning results, thereby boosting students’ confidence, engagement, as
well as problem-solving abilities in STEM education. The study utilizes
the SPLSS to explore the key determinants influencing the acceptance pro-
cess and effectiveness of Al-enhanced learning environments (/Al-Areeshi,
2025). It methodically examines the connections among ICT self-efficacy,
PEU, PU, learning inspiration, and self-directed learning with technology
(SDLT) to assess their influence on student engagement with Al-driven
educational platforms (Mokmin et al), 2022).
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2 Literature Review

2.1 Related Works

Al Powered in STEM Education App: Scope and Characteristics

Artificial Intelligence (Al) is revolutionizing STEM education by offer-
ing adaptive, personalized, and interactive learning experiences. Applica-
tions powered by Al deliver immediate feedback, automate assessments,
and provide real-time assistance, allowing students to pursue self-directed
learning and tackle problems effectively (Montejo et al), 2026). These
tools encompass Al-driven chatbots, intelligent tutoring systems, and in-
teractive simulation platforms, which facilitate a deeper understanding of
complex STEM concepts through experiential learning. The role of Al
in STEM education goes beyond merely delivering content. Al tools can
analyze students’ learning behaviours, pinpoint areas of difficulty, and pro-
vide customized recommendations, thereby ensuring a tailored educational
experience. Additionally, these tools promote collaborative learning by
incorporating peer discussions, Al-supported group projects, and virtual
experiments that replicate real-world STEM scenarios. Moreover, Al im-
proves accessibility by offering automated transcriptions, language trans-
lation, and adaptive learning environments that cater to students with
varying learning needs (Hwang and Wu, 2025). Nevertheless, despite the
many advantages of Al in STEM education, several challenges persist. A
key concern is the need to align Al applications with established teach-
ing methodologies to enhance their effectiveness in structured educational
contexts. Furthermore, an over-dependence on Al tools could potentially
hinder students’ critical thinking and problem-solving abilities, highlight-
ing the importance of balancing Al-driven learning with traditional educa-
tional methods. Ethical issues such as data privacy, algorithmic bias, and
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disparities in accessibility must also be addressed to ensure equitable and
inclusive Al integration (Lee et al), 2022; Bergdahl and Sjoberg, 2025). In
conclusion, Al-enhanced STEM education applications hold the promise
of transforming learning by increasing engagement, offering personalized
support, and nurturing independent problem-solving capabilities.

Previous Studies and STEM Education App Enhancing Problem-
Solving Skills and Self Efficacy

Extensive research has investigated the incorporation of Al-driven ap-
plications within STEM education, underscoring their potential to enhance
problem-solving abilities and boost students’ self-efficacy. Findings re-
veal that Al-based learning tools, including intelligent tutoring systems,
chatbot-assisted instruction, and adaptive learning platforms, deliver per-
sonalized educational experiences tailored to the unique needs of each stu-
dent. These applications facilitate real-time feedback, automate assess-
ments, and support interactive problem-solving activities, thereby helping
students gain confidence in addressing intricate STEM concepts (Ronkkd
and Cho, 2022). A significant advantage of Al in STEM education is its
capacity to promote self-directed learning. Studies indicate that students
who interact with Al-powered chatbots and automated tutoring systems
exhibit increased independence, persistence, and motivation to delve into
STEM disciplines (Hwang and Wu, 2025).

Furthermore, Al applications enhance cognitive skills by analyzing stu-
dents’ learning behaviours, pinpointing areas of weakness, and offering
tailored suggestions to boost problem-solving effectiveness. Nevertheless,
challenges persist. Research indicates that students with low ICT self-
efficacy may find it difficult to utilize Al-powered tools due to perceived
complexity and a lack of confidence in their technological skills. Addition-
ally, there is a pressing need for improved alignment between Al-driven
learning models and conventional teaching methods, as an over-dependence
on Al tools could impede the development of critical thinking and problem-
solving skills if not effectively integrated into established educational frame-
works. Ethical issues, including data privacy, algorithmic bias, and dispar-
ities in accessibility, have also been recognized as obstacles to the broader
implementation of Al in education (Bayanova et al|, 2023).

In conclusion, earlier studies highlight the significant impact of Al-driven
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STEM education applications on improving problem-solving abilities and
self-confidence. Nevertheless, to fully realize their potential, future re-
search should aim to connect Al technology with effective teaching strate-
gies, promote accessibility, and tackle ethical issues. By enhancing Al-
integrated learning environments, educators can establish a more inclusive,
engaging, and efficient framework that enables students to cultivate essen-
tial problem-solving skills and confidence in STEM fields (Rénkké and Cho,
2022).

TOWARDS CONCEPTUAL MODEL AND HYPOTHESES

ICT Self-Efficacy, Self-Directed Learning with Technology, STEM

Education Variable, Technology Acceptance and Learning Moti-
vation, Intention to Use AI Chatbots, Perceived Convenience,
and Enhanced Performance Expectatio

AT technologies—including machine learning, natural language process-
ing, and neural networks—have enabled the development of systems that
can perform tasks normally associated with human intelligence. In the
context of STEM education, Al-driven tools are increasingly being used
to support learning by improving students’ problem-solving abilities and
strengthening their sense of self-efficacy. These applications make learning
more interactive by providing dynamic problem-solving environments and
personalized learning paths that adjust to individual needs. As a result,
students who engage with Al-based STEM tools tend to become more ac-
tive learners, develop stronger critical thinking skills, and gain confidence
in their academic abilities. Both problem-solving skills and self-efficacy are
key factors that contribute to successful learning outcomes.

These factors serve as essential indicators in assessing students’ engage-
ment with technology enhanced learning, particularly in STEM education.
Before adopting digital learning tools, students often form expectations
based on their perceived ability to use technology effectively, their motiva-
tion for learning, and the compatibility of these tools with their educational
needs. ICT self-efficacy plays a crucial role in this process, as students with
higher confidence in their technological skills are more likely to explore and
integrate digital resources into their learning routines. When students’ ex-
pectations regarding the usability and effectiveness of technology are met,
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they tend to persist in using it; however, unmet expectations can lead to
reluctance or discontinuation of technology adoption (Esiyok et al., 2025).
Satisfaction with digital learning tools can be categorized into immedi-
ate, task-specific satisfaction and long-term cumulative satisfaction. Task
specific satisfaction arises from a positive experience with technology in
a single learning instance, while cumulative satisfaction develops from re-
peated positive experiences, reinforcing long-term engagement (Relmasira
et al), 2023). Self-directed learning with technology is closely linked to
students’ willingness to adopt digital learning tools. Studies suggest that
the ability to independently explore, experiment, and control one’s learn-
ing process positively impacts the adoption of educational technologies.
The flexibility to experiment with different tools, modify approaches, and
recover from mistakes builds students’ confidence and fosters continuous
usage (Obiwuru, 2024). Observability also plays a key role, as students are
more inclined to adopt technology when they see their peers successfully us-
ing it. Visible engagement with technology among classmates encourages
discussions, knowledge sharing, and a collective sense of digital learning
culture (Parsakia et al), 2023). Technology acceptance is a key determi-
nant of students’ willingness to incorporate digital tools into their learning
process.

According to the Technology Acceptance Model (TAM), students’ percep-
tions of usefulness and ease of use significantly influence their adoption
decisions (Ayanwale and Ndlovu, 2024). If students perceive technology as
beneficial and easy to navigate, they are more likely to accept and inte-
grate it into their studies. Moreover, observability plays a role in technol-
ogy acceptance, as students are more inclined to adopt digital tools when
they see their peers successfully utilizing them. Visible engagement within
academic environments fosters discussions, collaboration, and a collective
learning culture that encourages broader technology adoption (Yu et al.,
2025). Learning motivation also plays a crucial role in determining stu-
dents’ engagement with digital learning tools. Motivation can be intrinsic,
where students are driven by curiosity and personal interest in technology,
or extrinsic, where external factors such as academic performance, institu-
tional support, or peer influence encourage adoption (Lai, 2023).

Research suggests that when students feel that technology supports their
learning goals and enhances their educational experience, their motivation
to engage with it increases. Perceived compatibility further influences mo-
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tivation, as students are more likely to integrate technology when it aligns
with their prior knowledge, study habits, and educational objectives (Roca
et al), 2024). Perceived convenience plays a crucial role in Al chatbot adop-
tion, as users prefer technologies that simplify tasks, reduce effort, and save
time. Chatbots equipped with natural language processing (NLP) and ma-
chine learning capabilities enable users to receive instant responses, auto-
mate repetitive tasks, and access information seamlessly. The ability to
interact with Al chatbots across multiple devices and platforms further en-
hances their perceived convenience, making them an attractive alternative
to traditional customer service or information retrieval methods (Obiwuru,
2024).

Additionally, the visibility of AI chatbot effectiveness within peer or work-
place environments influences adoption decisions, as users who observe
successful interactions are more likely to develop positive perceptions and
confidence in the technology. Upgraded execution desire is another decid-
ing figure in chatbot selection. Users anticipate that AI chatbots will not
only automate tasks but also improve overall efficiency and productivity.
Research indicates that when Al-driven tools align with users’ goals such as
improving learning outcomes, increasing workplace efficiency, or providing
accurate recommendations, adoption rates increase (Roca et al), 2024; Sun
et al), 2025). However, if users perceive chatbots as unreliable, prone to
errors, or lacking personalization, their motivation to integrate them into
their workflow decreases. Compatibility with users’ existing digital habits
and workflows further strengthens adoption, as individuals prefer technolo-
gies that seamlessly integrate into their routines rather than disrupt them.
Building on this idea, a hypothesis was proposed regarding the relation-
ship between ICT self-efficacy and perceived ease of use. ICT self-efficacy
refers to an individual’s belief in their ability to effectively use digital tech-
nologies. Perceived ease of use, on the other hand, describes how simple
and user-friendly a person finds a particular technology. When learners
or educators have a higher level of ICT self-efficacy, they are more likely
to feel comfortable using AI chatbots in educational settings. This confi-
dence allows them to explore features more freely, use the tools efficiently,
and experience less difficulty during interaction. As a result, their overall
engagement improves, and they are more willing to continue using such
technologies. Based on this reasoning, Hypothesis 1 (H1) suggests that
ICT self-efficacy has a positive influence on the perceived ease of use of Al
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chatbots in education.
Hypothesis 1 (H1): ICT self-efficacy positively affects the perceived ease of
use (PEU) of Al chatbots in education.

People feel confident using technology (ICT self-efficacy), they find Al
chatbots in education easier to use. This confidence helps them navigate
chatbots smoothly and benefit from instant support. Those with lower
ICT skills may struggle and find chatbots confusing or difficult. Improving
ICT skills makes chatbots more user-friendly and enjoyable to use. This
leads to a better learning experience for students and educators. The H2
hypothesis was formulated following the discussion, as described above.
Hypothesis 2 (H2): ICT self-efficacy positively affects the PU of Al chat
bots in education.

People find Al chatbots easy to use (perceived ease of use, or PEU),
they are more likely to believe that these chatbots are helpful for learn-
ing (perceived usefulness, or PU). If a chatbot is simple to interact with,
students and educators will see it as a valuable tool that makes learning
easier or more efficient. The H3 hypothesis was formulated following the
discussion, as illustrated above.

Hypothesis 3 (H3): Perceived ease of use (PEU) emphatically influences
the perceived usefulness (PU) of Al chatbots in education.

People believe that Al chatbots are useful for learning (perceived useful-
ness or PU), they are more likely to want to use them regularly (intention
to use). If students or teachers see that chatbots help them learn better,
save time, or provide valuable information, they are motivated to continue
using them. In other words, if the chatbot proves to be helpful and en-
hances their educational experience, they will be more inclined to make it
a part of their learning routine. The H4 hypothesis was formulated follow-
ing the discussion, as explained above.

Hypothesis 4 (H4): Perceived usefulness (PU) emphatically influences the
deliberate to utilize AI chatbots in education.

AT chatbots are helpful for their learning (perceived usefulness or PU),

they’re more likely to want to use them in the future (intention to use).
When students or educators realize that chatbots can make tasks easier,
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provide quick answers, or offer useful learning resources, they see it as a
valuable tool. This positive experience drives them to use it more often. In
simple terms, the more they believe the chatbot is useful, the more moti-
vated they’ll be to continue using it in their education. The H5 hypothesis
was formulated following the discussion, as mentioned above.

Hypothesis 5 (H5): Perceived ease of use (PEU) emphatically influences
the purposeful to utilize AI chatbots in education.

If students are good at learning on their own and using technology
(self-directed learning with technology), they are more likely to use Al
chatbots in education. Since they enjoy finding information and solving
problems independently, Al chatbots can be a helpful tool for them. The
more comfortable they feel using technology, the more they will want to
use chatbots to support their learning. Simply put, self-motivated learners
are more likely to see Al chatbots as useful and use them more often. The
H6 hypothesis was formulated following the discussion, as described above.
Hypothesis 6 (H6): Self-directed learning with technology (SDLT) emphat-
ically influences the purposeful to utilize Al chatbots in education.

Self-directed learning with technology (SDLT) refers to the ability of
students or educators to take control of their own learning, using technol-
ogy to find information, solve problems, and improve their skills. When
people are comfortable with this approach, they are more likely to use tools
like AI chatbots to support their learning. If they already manage their
learning using technology, they will see Al chatbots as another helpful re-
source to enhance their education. In short, self-directed learners are more
likely to choose and use Al chatbots because they are used to relying on
technology to aid their learning process. The H7 hypothesis was formu-
lated following the discussion, as mentioned above.

Hypothesis 7 (H7): Self-directed learning with technology (SDLT) emphat-
ically influences the purposeful to utilize Al chatbots in education.

When students or educators have the intention to use Al chatbots in
education, it means they plan to use them in the future. This intention
often leads to actual use, as people tend to follow through on their plans.
If someone believes that Al chatbots will help them with learning, they are
more likely to start using them regularly. In simple terms, when a person
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is motivated and sees the value of using chatbots, they are more likely to
actually use them as a part of their learning process. The intention to use
often translates into action. The H8 hypothesis was formulated following
the discussion, as mentioned above.

Hypothesis 8 (H8): Deliberate to utilize Al chatbots emphatically influences
the real utilize of Al chatbots in education.

Personal Innovativeness

Development hypothesis for the most part classifies clients of innova-
tion as exceedingly imaginative people who are dynamic searchers of inno-
vational thoughts. They are a particular sort of client who adapts with
tall levels of vulnerability and creates positive eagerly towards acknowl-
edgment. In this sense, individual innovativeness points to create positive
convictions on innovational innovation. It is contended that the most el-
evated effect on people cognitive translations of data innovation relate to
variables of individual innovativeness, which can be seen as an occurrence
of risk-taking affinity that shows up as a result of utilizing modern inno-
vation (Al-Areeshi, 2025). This demonstrate is as a rule influenced by the
vital and compelling fronts in this demonstrate, seen ease of utilize and
seen value of innovation. The previous demonstrates the degree to which
any client accepts that a particular innovation would improve their execu-
tion for specific purposes. The last-mentioned concerns the degree to which
a client accepts that employing a specific innovation diminishes exertion.
These considers affirm a noteworthy relationship between behavioral pur-
poseful and seen convenience and ease of utilize. In this way, the proposed
conceptual demonstrate suggests that individual innovativeness features a
critical effect on seen convenience and ease of utilize, which shape the es-
sential pertinence for selection of metaverse frameworks (Hwang and Wu,
2025). Accordingly, the following hypotheses are formed:

Students or educators engage with STEM (Science, Technology, En-
gineering, and Mathematics) education, certain factors such as problem-
solving, critical thinking, and the use of technology positively influence
how useful they find AI chatbots. In STEM education, technology plays a
big role, so students are more likely to see Al chatbots as helpful tools for
answering questions, solving problems, and providing personalized learning
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support. The more students are involved in STEM subjects, the more they
recognize the value of Al chatbots in enhancing their learning experience.
The H9 hypothesis was formulated following the discussion, as mentioned
above.

Hypothesis 9 (H9): STEM instruction factors emphatically influence the
seen convenience (PU) of Al chatbots in education.

STEM education variables, such as familiarity with technology, critical
thinking, and problem-solving, positively impact how easy students or ed-
ucators find Al chatbots to use. In STEM education, students are often
more comfortable with digital tools and technology, making them more
likely to find AI chatbots intuitive and user-friendly. The skills and ex-
perience gained from STEM subjects help students navigate and interact
with Al chatbots with ease. The H9 hypothesis was formulated following
the discussion, as mentioned above. The H10 hypothesis was formulated
following the discussion, as mentioned above
Hypothesis 10 (H10): STEM education variables positively affect the per-
ceived ease of use (PEU) of Al chatbots in education.

The convenience of Al chatbots plays a significant role in motivating
students and educators to use them. When AI chatbots make learning eas-
ier by providing quick answers, personalized support, and round-the-clock
availability, users are more likely to intend to use them regularly. The
more convenient and accessible these chatbots are, the more students and
educators will see them as a valuable tool in their learning process. For
instance, if chatbots offer immediate help with homework or explain con-
cepts efficiently, they become a go-to resource. Ultimately, the greater the
convenience offered by Al chatbots, the stronger the intention to use them
in educational settings. The H11 hypothesis was formulated following the
discussion, as mentioned above.

Hypothesis 11 (H11): Perceived convenience positively affects the intention
to use Al chatbots in education.

Students expect Al chatbots to improve their learning performance,
they are more likely to intend to use them. If the chatbot is believed to
provide accurate, timely, and helpful information that boosts learning out-
comes, users are motivated to use it more frequently. The stronger the

22



belief that using AI chatbots will lead to better academic performance, the
higher the intention to integrate them into their education. The H12 hy-
pothesis was formulated following the discussion, as mentioned above.
Hypothesis 12 (H12): Enhanced performance expectation positively affects
the intention to use Al chatbots in education.

Students accept and are motivated to use technology in their learning;
they are more likely to engage in self-directed learning with technology
(SDLT). Technology acceptance means that students are comfortable and
open to using digital tools, while learning motivation drives them to take
initiative in their education. Together, these factors encourage students to
independently seek out resources, solve problems, and manage their learn-
ing with the help of technology. The more students embrace technology
and feel motivated to learn, the more likely they are to take control of
their own learning process, using digital tools to enhance their educational
experience. The H13 hypothesis was formulated following the discussion,
as mentioned above.

Hypothesis 13 (H13): Technology acceptance and learning motivation pos-
itively affect self-directed learning with technology (SDLT).

The Conceptual Framework

The current study proposed a conceptual framework that measures the
adoption of Al powered in STEM Education App by examining three main
attributes namely, Intention to use AI Chatbots, Self-directed learning
with technology and Technology acceptance and learning motivation as
coined with other independent variables of ICT self-efficacy, STEM edu-
cation Variable, Perceived convenience, and Enhanced performance expec-
tation, and Perceived Ease of Use, Perceived Usefulness. In other words,
Actual AI Chatbot Usage is measured by ICT self-efficacy, Self-directed
learning with technology, STEM education Variable, Technology accep-
tance and learning motivation, Intention to use Al chatbots, Perceived
convenience, and Enhanced performance expectation as illustrated below.

The Figure 1 lillustrates a conceptual research model, adapted from the

Technology Acceptance Model (TAM), that explains the factors influencing
students’ adoption of Al chatbots in STEM education. It indicates that
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ICT self-efficacy, which refers to a student’s confidence in using digital tech-
nologies, significantly affects their perception of how easy (perceived ease
of use) and how beneficial (perceived usefulness) Al chatbots are. When
students are more comfortable with technology, they are more likely to
view these tools as simple to operate and valuable for learning. Further-
more, participation in technology-based STEM education enhances both
these perceptions, as regular exposure to digital tools increases familiarity
and perceived benefits.

H1

ICT Self-efficacy

H2

0 H6
Technology-based Intention to use Al Actual Al Chatbots
STEM education Chatbots usage

HQ
H4 H1

Figure 1: Research Framework.

The model also shows that several factors contribute to the intention to
use Al chatbots, including self-directed learning ability, perceived cost, and
enjoyment. Teacher assistance and learning materials further support stu-
dents in developing self-directed learning skills, which in turn strengthens
their intention to use such technologies. Ultimately, the intention to use
AT chatbots plays a central role in determining actual usage, although self-
directed learning can also have a direct impact on usage behavior. Overall,
the model emphasizes that a combination of individual skills, perceptions,
and educational environment influences students’ willingness and actual
engagement with Al chatbot tools.
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3 Methodology

3.1 Motivation and Purpose

3.1.1 Motivation

The rapid advancement of Artificial Intelligence (AI) technologies has cre-
ated new opportunities to transform traditional STEM education into
more personalized, interactive, and learner-centered experiences. However,
many students still struggle with problem-solving tasks, low self-confidence,
and limited engagement in STEM subjects due to conventional teaching
approaches that do not address individual learning needs. Although Al-
powered tools such as chatbots and intelligent tutoring systems can provide
real-time feedback, adaptive support, and self-directed learning opportuni-
ties, their effectiveness largely depends on students’ willingness and readi-
ness to adopt these technologies. Factors such as low ICT self-efficacy,
perceived complexity, lack of motivation, and limited awareness of Al’s
educational benefits often hinder successful adoption. Moreover, existing
research has not sufficiently examined how technological, personal, and
motivational factors collectively influence students’ intention to use Al
chatbots in STEM learning environments. These challenges motivated the
present study to explore the determinants that affect students’ acceptance
and effective utilization of Al-driven educational tools.

3.1.2 Purpose

The primary purpose of this study is to investigate the factors influencing
students’ intention to use Al-powered chatbots in STEM education and
to evaluate how these tools enhance problem-solving skills and self-efficacy.
Specifically, the research aims to develop and validate a comprehensive con-
ceptual framework that integrates ICT self-efficacy, perceived ease of use,
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perceived usefulness, perceived convenience, technology acceptance, and
learning motivation. By employing a hybrid Structural Equation Mod-
eling (SEM) and Artificial Neural Network (ANN) approach, the study
seeks to identify key predictors of AI chatbot adoption and measure their
relative importance. Ultimately, the research intends to provide empir-
ical evidence and practical guidance for designing user-friendly, effective,
and engaging Al-based learning systems that improve students’ confidence,
independence, and academic performance in STEM fields.

3.2 Model

This study employs two complementary analytical models—Structured Pre-
dictive Latent Semantic System (SPLSS) and Artificial Neural Network
(ANN)—to ensure both explanatory and predictive accuracy in examin-
ing students’ adoption of AI chatbots in STEM education. The SPLSS
model, an advanced extension of Partial Least Squares Structural Equation
Modeling (PLS-SEM), is used as the primary statistical framework to test
theoretical relationships among latent constructs such as ICT self-efficacy,
perceived ease of use, perceived usefulness, motivation, and intention to
use Al chatbots. It evaluates measurement reliability and validity while
estimating path coefficients to determine the strength and significance of
hypothesized relationships. SPLSS also incorporates Semantic Predictive
Importance Analysis (SPTA) to enhance predictive interpretation and la-
tent variable estimation, making it particularly suitable for complex educa-
tional behavior models. Thus, it helps validate the conceptual framework
and explain how different psychological and technological factors influence
students’ behavioral intentions.

To complement this, the Artificial Neural Network (ANN) model is
applied to capture non-linear and complex interactions that traditional
statistical methods may overlook. ANN uses multiple input neurons, hid-
den layers with activation functions, and an output neuron to predict stu-
dents’ intention and actual use of AI chatbots. By training and testing
the model through cross-validation and measuring performance using Root
Mean Square Error (RMSE), ANN improves predictive power and robust-
ness. Additionally, sensitivity analysis identifies the relative importance of
each factor, revealing which variables most strongly influence adoption be-
havior. Therefore, while SPLSS explains relationships statistically, ANN
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enhances prediction accuracy, and together they provide a hybrid approach
that strengthens both theoretical validation and practical forecasting.

3.2.1 Model Description

Data Collection

Within the scope of this study a Google form is used to gather data
over two weeks, from February 21 to February 7 March, 2025 and the
participants could attend anytime during this time frame at their conve-
nience. The first section of the survey was dedicated to gather demographic
data like gender, profession, age, educational qualifications, field of study,
technology proficiency level etc (Roca et alj, 2024). These questions were
designed to understand the diverse backgrounds of the participants, which
is crucial to conduct the survey. The second section is main part of the
survey where the participants were asked about ICT Self-efficacy, Actual
AT Chatbot Usage (AACU), Intention to Use Al Chatbots (IUAC), Tech-
nology Acceptance & Learning Motivation and so on. These questions
were designed using revalidated scales and the validity of the content was
verified following the appropriate verification methods. Five-point Likert
scales were employed to enhance the reliability of the measurements in the
final section, the participants were asked about benefits, challenges of using
AT chatbots. It also asked how STEM background influence perception of
AT chatbots, how AI chatbots improve better support in STEM learning.
Though this part is optional but from this part we can understand the
relation of participants with Al chatbots.

Students often turn to their instructors for help when they encounter
obstacles in using technological tools, as teachers typically have more ad-
vanced skills and experience with such technologies. In this study, SEM
was applied to examine the article hypotheses, with the sample size deemed
sufficient for reliable analysis (Lee et alj, 2022). Although the hypotheses
were originally derived from recognized theoretical models, they were modi-
fied where appropriate to suit the specific context of the Internet of Things
(IoT). The data analysis was conducted using SmartPLS (version 4.1.1.1)
for SEM, along with SPSS to support the structural model assessment.

Personal /Demographic Information
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Table 3.1 provides detailed information on the demographic composi-
tion of the respondents. Where among the 117 respondents (Male = 25
(21.4%)) and (Female = 92 (78.6%)). The majority of participants, 72.7%
(85) were between 21- 25 years old, followed by 7.7% (9) were between 26-
30 years old, indicating that the sample predominantly consisted of young
men. Additionally, 82.9% (97) held a Bachelor’s degree, while 15.4% (18)
had a Master’s degree, illustrating that the response pool is highly edu-
cated. This demographic profile highlights the importance of targeting
young, educated individuals who actively use Al chatbots to enhance their
self-efficacy as well as problem-solving abilities.

The heavy concentration of participants in the 21 to 25 age bracket sug-
gests that the study primarily captures the perspectives of ”digital natives”
who are in a critical stage of their academic and professional development.
Because this cohort is likely to possess a higher baseline of ICT self-efficacy,
they are more predisposed to exploring innovative tools like Al chatbots
to manage the rigours of STEM curricula. The educational background
of the respondents, being mostly undergraduates and master’s students,
aligns with the study’s focus on SDL; these students are at a juncture
where independent problem-solving and cognitive autonomy are essential
for success. Consequently, the high level of education within the sample
ensures that the feedback regarding perceived usefulness (PU) and per-
ceived ease of use (PEU) is derived from users who can critically evaluate
how Al integration supports complex analytical tasks. This demographic
alignment validates the research model’s focus on learning motivation, as
it reflects a population that is both capable of and motivated to adopt
technology that provides immediate, adaptive feedback in a demanding

educational environment.

Table 3.1: Demographic data of the participants.

Criteria Factor Frequency  Percentage
Gender Male 25 21.40%
Female 92 78.60%
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Criteria Factor Frequency  Percentage

Age (In Years) Between 16 and 20 19 16.20%
Between 21 and 25 85 72.70%
Between 26 and 30 9 7.70%
Between 31 and 35 2 1.70%
Above 35 2 1.70%

Education Level Undergraduate 97 82.9%
Master’s 18 15.4%
PhD 0 0%
MBBS 2 1.70%

Study Instrument

A survey comprising 33 items was developed as the primary research
instrument this survey was designed to assess 10 distinct constructs out-
lined in the questionnaire with their respective sources detailed in table
3.2 items from prior studies were adapted and customized to better align
with the objectives of this research ensuring the findings would be more

relevant and applicable.

Table 3.2: Measurement Items.

Construct  Measurement Definition Instrument Sources
Item
ICT  Self- ICT SE1 An  individual’s I believe I can Esiyok
Efficacy ICT SE2 perceived capacity successfully et al.
ICT SE3 to successfully use use ICT tools (2025).
ICT SE4 Information and to accomplish
Communication my academic

Technology (ICT)
to accomplish spe-
cific tasks or solve

problems. Esiyok
et al. (2025)

tasks before

actual classes
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Construct

Measurement Definition

Item

Instrument

Sources

Technology-
Based

STEM
Education

Perceived
Ease of Use

Perceived
Usefulness

TBSE1
TBSE2
TBSE3
TBSE4

PEU1
PEU2
PEU3

PU1
PU2
PU3

A learning method
that
STEM
digital
platforms,

merges
using
tools,
and
applications to
enhance student
engagement and
understanding.
Esiyok et al.
(2025)
The

personal

intensity of
belief
is that wusing a
tech-
nology or system

particular

will be effortless

and free from

difficulty.  Esiyok
et al. (2025)

The perceived de-
gree to which an
individual expects
a given technol-
ogy will improve
their performance
or  productivity.
Esiyok et  al
(2025).

I  find it
beneficial to
engage in
STEM educa-
tion through
technology-

based
ing platforms

learn-

before actual
classes.

I feel that us-
ing this tech-
nology is easy
for me before
actual classes.

I believe this
technology
will enhance
my learning
and under-
standing
before actual

classes.

Esiyok
et al.
(2025)

Esiyok
et al
(2025).

Esiyok
et al.
(2025)
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Construct  Measurement Definition Instrument Sources
Item
Enhanced  EPEI1 The Dbelief that I expect my Obiwuru
Perfor- EPE2 adopting a partic- academic (2024)
mance EPE3 ular  technology performance
Expecta- will lead to im- to  improve
tion proved efficiency, by using this
effectiveness,  or technology
achievement of before actual
goals. Obiwuru classes.
(2024).
Intention IUAC1 The willingness or I intend to Obiwuru
to Use Al IUAC2 likelihood of an in- use AI chat- (2024
Chatbots IUAC3 dividual to adopt bots for learn-
and engage with ing assistance
Al-powered chat- before actual
bots for specific classes.
tasks or learning
purposes. Obi-
wuru (2024).
Actual Al AACU1 The real, measur- I  regularly Lee
Chatbot AACU2 able  interaction use Al chat- et.al
Usage AACU3 and engagement bots to (2022)
with AI chatbots support my

for various appli-
cations, such as
learning support,
customer service,
or problem-

solving. Lee et.al
(2022)

studies before
actual classes.
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Construct  Measurement Definition Instrument Sources
Item

Self- SDLT1 A learning ap- I take the Roca
Directed SDLT?2 proach in which initiative to et.al
Learn- SDLT3 individuals  take learn new con- (2024)
ing  with SDLT4 initiative in ac- cepts  using
Technology quiring knowledge technology

and skills wusing before actual

digital tools and classes.

resources,  often

at their own pace

and preference.

Roca et.al (2024).
Technology TA & LM1 The relationship I feel moti- Roca
Accep- TA & LM2 between a wuser’s vated to learn et.al
tance and TA & LM3 willingness to when I accept (2024)
Learning adopt technology and use new
Motivation and their moti- technology

vation to learn, before actual

forced by factors classes.

such as PU, ease

of use, and per-

sonal goals. Roca

et.al (2024).
Perceived  PCl1 The degree of I find it con- Ayanwae
Conve- PC2 user-perceived venient to use et. al
nience PC3 associated ~ with technology (2024)

a technological to support

platform or sys- my learning

tem is accessible,
time-saving, and
easy to use in their
daily activities.
Ayanwale et. al

(2024).

before actual
classes.

Inner Model and Hypothesis Testing
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The inner model was evaluated based on the results of the hypothe-
sis analysis and the Variance Inflation Factor (VIF) assessment. To test
the proposed hypotheses in this study, we utilized the inner Partial Least
Squares (PLS) model analysis. The specific SPLS model applied in the
hypothesis analysis, along with its respective values, is depicted in figure
2. A summary of the findings is presented in Table 3.3.

The figure presents a conceptual research model that explains how dif-
ferent factors contribute to students’ adoption and actual use of Al chat-
bots in a STEM learning environment. It begins with ICT self-efficacy,
which reflects students’ confidence in using technology, and this confidence
plays a key role in shaping how easy and useful they perceive the technol-
ogy to be. When students believe that a system is simple to operate, they
are more likely to find it beneficial, which strengthens their overall percep-
tion of its value. At the same time, exposure to STEM education further
supports these perceptions and encourages a positive attitude toward using
AT tools. All these elements together influence the students’ intention to
use Al chatbots. This intention is also affected by additional aspects such
as teaching methods, perceived control or cost, and expected performance
outcomes. Finally, the model shows that intention, along with self-directed
learning abilities, leads to the actual use of AI chatbots. In short, the di-
agram illustrates that both personal confidence and educational context
play important roles in shaping not only students’ willingness to use Al
technologies but also their real usage behavior.
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Figure 2: SPLS Model.
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Table 3.3: Summary of the Inner Mode.

HypothesiRelationships Sample Standard T  statis- Result

mean deviation  tics
(M) (STDEV) (|JO/STDEV])

H1 ICT SE -> 0.618 0.088 7.040 Supported
PEU

H2 ICT SE -> 0.321 0.158 1.967 Supported
PU

H3 PEU -> PU 0497 0.123 4.140 Supported

H4 PU -> IUAC 0.366 0.135 2.979 Supported

H5 PEU -> -0.038 0.111 0.522 Supported
IUAC

H6 SDLT -> (0.245 0.135 1.618 Supported
IUAC

H7 SDLT -> 0.430 0.168 2.793 Supported
AACU

HS8 IUAC -> 0.527 0.160 3.065 Supported
AACU

H11 PC -> IUAC 0.014 0.146 0.084 Supported

H9 TBSE -> PU 0.102 0.091 1.120 Supported

H10 TBSE -> 0.299 0.094 3.201 Supported
PEU

H12 EPE -> 0.409 0.132 3.174 Supported
IUAC

H13 TA& LM -> 0.824 0.054 15.446 Supported
SDLT

N.B: ICT SE =ICT Self-Efficacy, TBSE = Technology-Based STEM
Education, PEU= Perceived Ease of Use, PU= Perceived Usefulness, EPE=
Enhanced Performance Expectation, [IUAC= Intention to Use Al Chatbots,
AACU= Actual Al Chatbot Usage, SDLT= Self-Directed Learning with
Technology, TA & LM= Technology Acceptance and Learning Motivation,
PC= Perceived Convenience.

The hypothesis testing results reveal varying strengths in the relation-
ships between the variables. The strongest relationship was found between
Technological Acceptance (TA) and Learning Motivation (LM) on Self-
Directed Learning with Technology (SDLT) (H13), with a high t-value of
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15.446. Additionally, ICT Self-Efficacy (ICT SE) strongly influenced Per-
ceived Ease of Use (PEU) (H1) with a t-value of 7.040, suggesting that con-
fident ICT users perceive technology as easier to use. Self-Directed Learn-
ing (SDLT) also positively impacted Actual Al Chatbot Usage (AACU)
(H7), with a t-value of 2.793. Moderate relationships were observed be-
tween External Perceived Fase (EPE) and Intention to Use Al Chatbots
(IUAC) (H12), with a t-value of 3.174, and between Intention to Use Al
Chatbots (IUAC) and Actual Al Chatbot Usage (AACU) (H8), with a t-
value of 3.065. PU positively influenced ITUAC (H4), with a t-value of 2.979.

Pilot Study of Questionnaire

Table 3.4 displays the CA values evaluated for the measurement scales.
This study carried out an initial performance evaluation of the dependabil-
ity of the questionnaire items. A random selection of participants for the
pilot study was taken from a group of 117 students. Considering that the
total participant is 117, employing a sample size of 10% (in accordance
with research guidelines) leads to 11.7; hence, a total of 12 students took
part in the pilot study. In the next stage of the pilot study, SPSS software
was used to conduct a Cronbach’s alpha (CA) test to measure the internal
consistency of the items. The findings indicated a reliability coefficient of
0.70, which is regarded as acceptable since this research is situated in the
realm of Science (Roca et al), 2024).

Table 3.4: CA Values for Pilot Study (CA 0.70).

Items CA

Actual Al Chatbot Usage 0.943
EPE 0.901
ICT Self-Efficacy 0.843
Intention to Use AI Chatbots 0.933
pPC 0.917
PEU 0.893
PU 0.910
SDLT 0.939
TA & LM 0.908
TB STEM Education 0.890
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Common Method Bias

The assessment of common method bias was conducted using Variance
Inflation Factor (VIF) values from the inner model. In the research, all VIF
values remained under 3.33. Therefore, we can conclude that the model
is not affected by common method bias (Montejo et al), 2026). Table 3.5
demonstrates that all values are below 3.33, allowing us to affirm that this
model is free from common method bias.

Survey Structure

The survey questionnaire that was distributed to the students partici-
pating in the study consists of three main parts:

e The first part has questions about the personal information of the
responders.

e The second part featured 33 items concerning ICT self-efficacy, SDLT,
STEM education variables, TA & LM, IUAC, PC, enhanced perfor-
mance expectations (EPE).

e The third part was optional and solicited responses to questions re-
garding the usefulness of Al chatbots.

Upon completion of the questionnaires, the 33 items were evaluated using
a five-point Likert Scale, with responses of strongly disagree (1) to strongly
agree (5) range.
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Table 3.5: Variance Inflation Factor Analysis.

VIF
EPE -> Intention to Use AI Chatbots 3.223
ICT Self-Efficacy -> PEU 2.544
ICT Self-Efficacy -> PU 2.136
Intention to Use AI Chatbots -> Actual Al Chatbot Usage 3.387
PC -> Intention to Use AI Chatbots 3.244
PEU -> Intention to Use AI Chatbots 2.638
PEU -> PU 1.176
PU -> Intention to Use AI Chatbots 1.648
SDLT -> Actual AI Chatbot Usage 3.387
SDLT -> Intention to Use AI Chatbots 2.346
TA & LM -> SDLT 1.000
TB STEM Education -> PEU 2.544
TB STEM Education -> PU 2.921
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4 Result Analysis

Data Analysis

The SPLSS model is used to examine the relationships among theoret-
ical design factors and validate article hypotheses. SPLSS is implemented
using an advanced statistical framework to analyze the proposed research
model (Bergdahl and Sjoberg, 2025). SPLSS is particularly suitable for
predictive analytics in theoretical models that require deep latent variable
estimation (Montejo et al,, 2026). The application of SPLSS in this study
follows standardized guidelines for research studies in computational social
sciences (Pellas, 2025). Consequently, the research model is analyzed in a
systematic two-step approach (involving the assessment of measurement as
well as structural models) as emphasized by the methodological recommen-
dations of Brown (1995). Moreover, PLS-SEM analysis is supported, as-
sessed, and validated by applying ANN with IPMA. ANN surveys the sub-
ordinate and autonomous factors, and it works best for exploring non-linear
or complex connections among input and yield develops. It serves as a work
estimation instrument. SPLSS introduces a novel methodological approach:
Semantic Predictive Importance Analysis (SPTA). The primary objective
of SPIA is to evaluate research model constructs by assessing their seman-
tic relevance and predictive performance. Additionally, SPLSS enhances
structural model evaluation by integrating latent construct estimations,
thus improving the interpretability and predictive accuracy of theoretical
frameworks. The SPLSS model incorporates key statistical mechanisms
such as factor decomposition, latent trajectory modeling, and covariance-
based structural relationships, enabling a robust estimation of theoretical
constructs (Ronkké and Cho, 2022). The methodological advancements in
SPLSS provide a structured analytical foundation for research studies re-
quiring multidimensional predictive modeling. The predictive performance
of SPLSS is further validated using a cross-validation framework to ensure
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model reliability and consistency. In summary, SPLSS has been used in
the research framework as a structured predictive modeling technique to
enhance hypothesis testing and theoretical validation. In short, MLP neu-
ral network has been applied to the research model as an ANN technique
for its training and testing.

Convergent Validity

Effective techniques for calculating or analyzing the measurement model
include the examination of construct reliability, which includes composite
reliability (CR), Dijkstra-Henseler’s rho (pA), and CA, as well as valid-
ity measures (both convergent and discriminant). Table 4 shows that the
CA values for CR are over the 0.7 minimum requirement, ranging from
0.843 to 0.9. Also, Table 5 presents CR values of 0.857 to 0.944, which
also surpasses required threshold of 0.7. As a complementary approach,
researchers should apply Dijkstra-Henseler’s rho reliability coefficient ( A)
to calculate construct reliability. Similar to CA and CR, the reliability
coefficient should be 0.70 or higher in exploratory studies, with values ex-
ceeding 0.8 or 0.9 recommended for more advanced research stages. The
table clearly shows that the reliability coefficient exceeds 0.70 for all individ-
ual measurement constructs, reinforcing the notion of construct reliability.
Ultimately, it can be concluded that the constructs or items are assumed to
be free from significant errors in an acceptable manner. To assess conver-
gent validity, average variance extracted (AVE) and factor loading tests
are performed. As illustrated in the table, each factor loading value is
found to be above the suggested benchmark of 0.7. Furthermore, Table 5
illustrates that the calculated AVE scores all exceed the standard cutoff of
0.5, spanning from 0.680 to 0.898. Taking these results into account, all
constructs demonstrate evidence of convergent validity.

Discriminant validity

To assess discriminant legitimacy, both the Fornell-Larcker criterion
and the Heterotrait-Monotrait ratio (HTMT) were evaluated. The results
shown in Table 4.1 support the Fornell-Larcker criterion as stated in Table
4.2 by showing that the values of AVEs and their square roots are greater
than the correlations with other variables. Table 4.3 outlines the outcomes
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of HTMT ratio. As indicated, every construct exhibited a value under
the recognized threshold of 0.85, suggesting consent with the HTMT ratio
(Bergdahl and Sjoberg, 2025). According to these results, discriminant
legitimacy is affirmed. The analysis results for the measurement model
showed no issues related to validity or reliability. Therefore, the data
gathered can be applied to examine and validate the components of the
structural framework.

Table 4.1: Acceptable Results for Convergent Validity Include Factor Load-
ing, CA, and CR 0.70 & AVE >0.5.

Construct Item Factor CA CR pA AVE
Loading (rho,)
Actual AT Chat- AACU1 0.939 0.943 0.944 0.963 0.898
bot Usage AACU2 0.955
AACU3 0.949
EPE EPE1 0.898 0.901 0.906 0.938 0.834
EPE2 0.926
EPE3 0.916
ICT Self- ICT SE1 0.748 0.843 0.857 0.895 0.680
Efficacy ICT SE2  0.828

ICT SE3 0.873
ICT SE4 0.845

Intention to Use IUACI1 0.939 0.933 0.935 0.957 0.882
AT Chatbots IUAC2 0.951
IUAC3 0.926
PC PC1 0.908 0.917 0.918 0.948 0.858
PC2 0.935
PC3 0.914
PEU PEU1 0.935 0.893 0.894 0.933 0.824
PEU2 0.895
PEU3 0.892
PU PU1 0.896 0.910 0.911 0.943 0.847
PU2 0.920
PU3 0.945
SDLT SDLT1 0.928 0.939 0.941 0.956 0.846
SDLT2 0.907
SDLT3 0.906
SDLT4 0.937
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Construct [tem Factor CA CR pA AVE
Loading (rhoy,)
TA & LM TA & LM1 0.908 0.908 0.908 0.942 0.845
TA & LM2 0.935
TA & LM3  0.914
TB STEM Edu- TBSE1 0.877 0.890 0.897 0.924 0.751
cation TBSE2 0.842
TBSE3 0.864
TBSE4 0.883
Table 4.2: Fornell-Larcker Scale.
ActualEPE ICT  IntentionPC PEUPU SDLT TA TB
Al Self-  to Use & STEM
Chat- EfficacyAl LM Ed-
bot Chat- uca-
Us- bots tion
age
Actual  0.948
Al
Chat-
bot
Usage
EPE 0.835 0.913
ICT 0.820 0.7740.825
Self-
Efficacy
Intention 0.885 0.8900.823 0.939
to Use
Al
Chat-
bots
pPC 0.853 0.8650.809 0.846  0.927
PEU 0.825 0.7960.820 0.812  0.8610.908
PU 0.816 0.8040.825 0.869  0.8430.8550.921
SDLT  0.881 0.8310.788 0.839  0.826 0.8260.769 0.920
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ActualEPE ICT  IntentionPC PEUPU SDLT TA TB

Al Self-  to Use & STEM
Chat- EfficacyAl LM Ed-
bot Chat- uca-
Us- bots tion
age

TA & 0.862 0.8420.856 0.878  0.8680.8380.856 0.827 0.919
LM

TB 0.788 0.8080.779 0.760  0.7650.7810.7430.821 0.781 0.867
STEM

Educa-

tion

Model Fit

In this research, SmartPLS employs a range of model fit indicators,
including exact fit statistics, the Standardized Root Mean Square Resid-
ual (SRMR), Normed Fit Index (NFI), RMS_ theta, geodesic distance
(d_G), squared Euclidean distance (d__ULS), and the Chi-square (Chi2)
statistic, to evaluate how well the PLS-SEM model aligns with the data.
As presented in Table 4.4, SRMR is particularly useful for measuring the
discrepancy between the actual correlation matrix and the one predicted
by the model. An SRMR value below 0.08 generally suggests an accept-
able model fit. Similarly, the NFI, which assesses model fit by comparing
the Chi2 value of the estimated model to that of a baseline (null) model,
should typically exceed 0.90 to indicate good fit. Nonetheless, NFI may
not consistently reflect model fitness effectively, as it can vary with the
number of parameters involved. The relevance of d ULS and d G is
significant because these fit evaluations reveal the discrepancies between
empirical covariance matrix and the matrix obtained from the composite
factor design.

42



Table 4.3: Heterotrait-Monotrait Ratio.

ActualEPE ICT  IntentionPC PEUPU SDLT TA TB
Al Self- to Use & STEM
Chat- EfficacyAl LM  Ed-
bot Chat- uca-
Us- bots tion
age
Actual
AT Chat-
bot
Usage
EPE 0.302
ICT Self- 0.510 0.575
Efficacy
Intention 0.641 0.3670.922
to  Use
Al Chat-
bots
pPC 0.417 0.0510.610 0.513
PEU 0.798 0.5870.470 0.689  0.352
PU 0.800 0.8500.634 0.542  0.4230.449
SDLT 0.734 0.5020.481 0.695  0.2890.5010.430
TA & 0.132 0.6280.672 0.753  0.3500.7290.242 0.393
LM
TB 0.655 0.3010.771 0.430  0.4390.7690.2190.594 0.763
STEM
Educa-
tion
Table 4.4: Model Fit Indicators.
Complete
Saturated model Estimated model
SRMR 0.051 0.087
d ULS 1.438 4.220
d G 2.280 2.652
Chi-square 1324.728 1398.860
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Complete

Saturated model Estimated model

NFI 0.755 0.741

Hypotheses Testing Using PLS-SEM

To evaluate the interconnections among the various theoretical con-
structs in the structural model, the structural equation design was applied
using Smart PLS and maximum likelihood estimation. The suggested hy-
potheses were assessed utilizing these analytical tools. The model demon-
strated significant predictive capability, with variance percentages of 68%
for SDLT, 75% for PEU, 76% for PU, 84% for AACU, and 86% for Users’
IUAC. These findings are presented in Table 4.5 along with Figure 3 and
4. The estimations and results were achieved through the PLS-SEM tech-
nique, facilitating the confirmation of hypotheses (Relmasira et all, 2023).
The beta () values, t-values, and p-values associated with these hypothe-
ses are listed in Table 10. All researchers unequivocally supported these
hypotheses. The data analysis indicates that empirical findings corroborate
hypotheses H1 through H13. The correlations between ICT Self-efficacy
and PEU (8 = 0.617, P (PU) (6 = 0.403, P < 0.001), PEU (5 = 0.058, P
< 0.001), SDLT (B = 0.218, P < 0.001), and IUAC (8 = 0.491, P < 0.001)
endorse hypotheses H1 through H7.

Table 4.5: R? of the Endogenous Latent Variables.

R-square Results
Actual AT Chatbot Usage 0.845 Substantial
Intention to Use AI Chatbots 0.865 Substantial
PEU 0.756 Substantial
PU 0.763 Substantial
SDLT 0.681 Substantial

The hypothesis testing results reveal varying strengths in the relation-
ships between the variables shown in Figure 5. The strongest relationship
was found between Technological Acceptance (TA) and Learning Motiva-
tion (LM) on SDLT (H13), with a high t-value of 15.446. Additionally,
ICT self-efficacy strongly influenced PEU (H1) with a t-value of 7.040, sug-
gesting that confident ICT users perceive technology as easier to use. SDL
also positively impacted Actual AI Chatbot Usage (AACU) (H7), with a
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t-value of 2.793. Moderate relationships were observed between External
Perceived Ease (EPE) and Intention to IUAC (H12), with a t-value of
3.174, and between IUAC and AACU (H8), with a t-value of 3.065. PU
positively influenced IUAC (H4), with a t-value of 2.979 that showed in

Table 4.6.

Table 4.6: Hypotheses-Evaluation of Study Framework (significant at p**
<=0.01, p <0.05).

HypothesiRelationships Path T statistics P- DirectionDecision
(|O/STDEV|yalue
H1 ICT SE->PEU  0.617 7.040 0.000 Positive Validated
H2 ICT SE->PU 0.312 1.967 0.049 Positive Validated
H3 PEU->PU 0.510 4.140 0.000 Positive Validated
H4 PU->IUAC 0.403 2.979 0.003 Positive Validated
H5 PEU->IUAC 0.058 0.522 0.002 Positive Validated
H6 SDLT->IUAC  0.218 1.618 0.005 Positive Validated
H7 SDLT->AACU 0.468 2.793 0.005 Positive Validated
HS IUAC->AACU 0.491 3.065 0.002 Positive Validated
H9 TBSE->PU 0.102 1.120 0.026 Positive Validated
H10 TBSE->PEU 0.300 3.201 0.001 Positive Validated
H11 PC->IUAC 0.012 0.084 0.033 Positive Validated
H12 EPE->IUAC 0.420 3.174 0.002 Positive Validated
H13 TA & LM- 0.827 15.446 0.000 Positive Validated

>SDLT

45



SDLT H7
H13
Ho6
TA & LM
H10 PEU
H5
TB STEM H9 H3
Education Infenti Actual AT
PU H4 niention Chatbot Usage
7 to Use Al H8
Chatbots
]I;I_T -Self— i
iciency PC a1t
EPE H12
Figure 3: Research model.
SDLT 0.937
0.827 I
R*=0.681 0.218
TA & LM
0.300 PEU
) 0.058
TBSTEM |~ (102 0.510| R*=0.756
Education Intenti Actual AT
L Chatbot Usage
PU R g
0.617/a 0403 to Use AT 0.491
R*=0.763 Chatbots R*=0.845
ICT Self- 0312
Efficiency
PC
0.012
/ 2_
EPE 0.420 R°=0.865

Figure 4: Path coefficient of the model (significant at p** <=0.01, p*<0.05).

ANN Results

The research involves the use of SPSS to conduct ANN analysis (Pellas,
2025), using only the predictors obtained from PLS-SEM i.e., the analysis

only accounts for factors of PEU, PC, SDLT, AACU, EPE, ICTSE, and
TA&LM. The structure of the ANN model is given in Figure 5-8; a single
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output neuron (users’ intention to use Al Chatbots), along with multiple
input neurons (PEU, PU, PC, EPE, SDLT) constitute the ANN model.
To facilitate deep-learning in every node of the output neuron, a deep
ANN structure with two-hidden layers was used in this study (Tam et all,
2020). The sigmoid function was also applied to hidden and output neurons
as an activation function. Furthermore, the investigate demonstrate was
made more capable in terms of execution by institutionalizing the input
and yield neurons within the range [0, 1]. The training and testing data
were taken in the ratio 90:10 while applying the ten-fold cross-validation
technique to prevent ANN models from over-fitting. The root mean square
of error (RMSE) is assessed to decide the accuracy of the neural network
model. The RMSEs evaluated for training data was 0.1256 and for testing
data was 0.1523. The ANN enhanced the accuracy of proposed research
model as is evident from the insignificant disparity between values of SD
(standard deviation) and RMSE evaluated for training data (equalling to
0.0081) and testing data (equalling to 0.0094). Here, the bias nodes appear
disconnected from some parts of the network, particularly the output layer.
The absence of explicit connections from the bias nodes does not mean they
are unused or non-functional rather, it is a common simplification in neural
network visualizations that is also present here.

Synaptic Weight = 0
we= Synaptic Weight < 0

Actual AL
Chatbot Usage

Hidden layer activation function: Hyperbolic tangent

Output layer activation function: Identity

Figure 5: ANN model.
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A neural network model that predicts Al chatbot usage based on four
input factors—Perceived Utility (PU), Perceived Ease of Use (PEU), Per-
ceived Compatibility (PC), and Training-Based STEM Education—is de-
picted in the diagram. Three neurons in the hidden layer use the hyper-
bolic tangent activation function, which produces values in the range of -1
and 1. The output layer directly predicts chatbot usage using an identity
activation mechanism.

The neural network model predicts the deliberate to utilize AI chat-
bots based on four inputs: Perceived Compatibility (PC), Perceived Ease
of Utilize (PEU), Perceived Usefulness (PU), and Preparing and Intensi-
fication of Dialect Models (TAampLM). The covered up layer comprises
of two neurons employing a hyperbolic digression actuation work to cap-
ture nonlinear designs. The neural organize show predicts PC based on
three inputs: Expected Performance Enhancement (EPE), Preparing and
Intensification of Dialect Models (TAampLM), and PEU.

Synaptic Weight = 0
we Synaptic Weight < 0

_ﬂ__,,.--‘-""'L Al Chatbot

\ ]__ntension to use ]

TAampLM

| —

Hidden layer activation function: Hyperbolic tangent

Output layer activation function: Identity

Figure 6: ANN model.
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Synaptic Weight = 0
e Synaptic Weight < 0

SDLT

EPE

Hidden layer activation function: Hyperbolic tangent

Cutput layer activation function: ldentity

Figure 7: ANN model.

Synaptic Weight = 0
s Synaptic Weight < 0

Bias

PC

TAampLM

Hi1:2)

R ——

o

e
///ff

PEU

Hidden layer activation function: Hyperbolic tangent

Cutput layer activation function: ldentity

Figure 8: ANN model.
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This diagram illustrates a feedforward neural network with three input
features (EPE, TAampLM, and PEU), a bias node, and a hidden layer
of three neurons using the hyperbolic tangent activation function. The
output layer produces a single result labeled "PC” using an identity activa-
tion function, suitable for regression tasks. Connection lines show synaptic
weights, where gray indicates positive weights and blue indicates negative
weights.

Sensitivity analysis

Normalized importance for each predictor is determined by calculating
the ratio of its average importance value to the maximum mean importance
value, and it is expressed as a percentage (Kong et al), 2025). All indica-
tors incorporated in the ANN demonstration were evaluated for both raw
significance value and normalized significance value. The resulting values
are documented in Table 4.7. Furthermore, the results of the sensitiv-
ity analysis presented in Table 11 indicate the relative significance of the
three factors among EPE, PC, PEU, PU, SDLT, TAampLM, TBSTEMEd-
ucation, ICTSelfEfficacy, and IntentiontoUseAI-Chatbots, with Intention-
toUseAlIChatbots being the most influential. An additional fit measure
known as goodness-of-fit is employed to evaluate the ANN application and
enhance its accuracy and performance, which has been corroborated by
other fit metrics. Goodness-of-fit measure renders the same function in
ANN application as R2 in PLS-SEM analysis. However, ANN analysis of-
fers better explanation of endogenous constructs, as it is attributed with
greater predictive power (R compared to PLS-SEM (R? = 86.5%). Further-
more, since deep-learning ANN procedure superior clarifies the non-linear
connections between demonstrate builds, there’s some dissimilarity within
the values of changes.

Table 4.7: Independent Variable Importance.

CIndependent Variable Importance

Importance Normalized Impor-
tance
EPE 0.056 19.5%
ICTSelfEfficacy 0.073 25.5%
IntentiontoUseAIChatbots  0.287 100.0%
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CIndependent Variable Importance

Importance Normalized Impor-
tance
PC 0.158 55.1%
PEU 0.054 18.7%
PU 0.023 8.0%
SDLT 0.213 74.1%
TAampLM 0.070 24.2%
TBSTEMEducation 0.066 22.8%

Importance-Performance Map Analysis

Figure 9 represents the IPMA analysis. In this research, the IPMA tech-
nique was used within the PLS-SEM framework, with behavioural purpose
selected as the outcome variable. IPMA enhances the interpretation of
structural model results by incorporating both the relevance (importance)
and effectiveness (performance) of latent variables.

Importance-performance map
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-0.008 0.032 0.052 0.072 0.092 0.1120.132 0.152 0.172 0.192 0.212 0.232 0.252 0.272 0.292 0.312 0.332 0.352 0.372 0.392 0.412 0.446

Importance (Total effects)

@ EPE O ICT Self-Efficacy @ PC @ PEU @ PU @SDLT @ TA&LM @ TB STEM Education

Figure 9: IPMA results.
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As highlighted by Ringle and Sarstedt (2016), this approach goes be-
yond merely assessing path coefficients; it also evaluates the average per-
formance levels of constructs and their associated indicators. The funda-
mental idea behind IPMA is to identify which variables have the strongest
influence on the target variable and how well those variables are performing.
In this study, ten constructs were examined: EPE, ICT self-efficacy, PC,
PU, PEU, SDLT, TA, LM, and TB STEM education, all in relation to the
aim to engage Al chatbots. Among these, PC demonstrated the highest
performance, while TB STEM education scored lowest in performance but
ranked third in terms of importance (Parsakia et al), 2023). Notably, ICT
self-efficacy was found to have the least impact on behavioural intention.

A concise conceptual framework diagram

Figure 10 represents perceived usefulness and perceived ease of use are
treated as core TAM variables, while convenience and ICT self-efficacy are
conceptualized as external factors influencing users’ perceptions and behav-
ioral intentions. Motivation and self-directed learning are incorporated as
mediating learning-related constructs that explain how technology accep-
tance translates into meaningful learning engagement.

This diagram presents a conceptual framework based on the TAM that ex-
plains how different factors influence students’ engagement and acceptance
of STEM technology. At the beginning, external factors play a crucial role.
These include ICT self-efficacy and convenience. ICT self-efficacy refers to
a learner’s confidence in their ability to use digital tools effectively. When
students believe they can handle technology, they are more willing to ex-
plore and use it. Convenience refers to how easy it is to access and use
technology in terms of time, availability, and effort. If technology is easily
accessible and user-friendly, students are more likely to adopt it.

These external factors directly influence the core components of the TAM,
which are Perceived Ease of Use (PEOU) and PU. Perceived Ease of Use
means how simple and effortless the technology feels to the user. If a system
is easy to operate, students will feel more comfortable using it. Perceived
Usefulness refers to how much a student believes that using the technology
will improve their learning performance. When students see real benefits,
such as better understanding or improved results, they develop a positive
attitude toward the technology.
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Next, these perceptions affect learning-related factors, specifically motiva-
tion and self-directed learning. Motivation is the internal drive that en-
courages students to engage with learning activities. When students find
technology useful and easy to use, their interest and enthusiasm increase.
Self-directed learning refers to the ability of students to take control of
their own learning process, such as setting goals, managing time, and seek-
ing resources independently. Technology that is accessible and beneficial
supports learners in becoming more independent and responsible.

Finally, all these factors lead to the ultimate outcomes: STEM technology
acceptance and learning engagement. Technology acceptance means stu-
dents are willing to adopt and consistently use digital tools in their studies.
Learning engagement refers to how actively and deeply students participate
in the learning process. When students are confident, motivated, and able
to learn independently, they become more engaged and are more likely to
accept and integrate technology into their STEM education.

In summary, the model shows a clear flow: external factors shape students’
perceptions, these perceptions influence their learning behaviors, and ulti-
mately, these behaviors determine how well students accept and engage
with STEM technology.

ICT Self-Efficacy Perceived Ease of Use (PEOU) L) Leaming_R,elat,ed Factors L STEM Technology
Convenience ] Perceived Usefulness (PU) Mot]vatlon . Acceptance
Self-Directed Learning Learning Engagement
External Factors Core TAM

Figure 10: Concise conceptual framework.
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5 Discussion

In this research, we used Smart PLS 4 to perform Partial Least Squares
(PLS) analysis and IBM SPSS for ANN analysis. Our methodology in-
cluded evaluating reliability and validity, in addition to analyzing the path
coefficients to assess the strength of the framework design. We aimed
to investigate the relations among various concepts, such as ICT self-
efficacy, Technology-Based STEM Education (TBSE), PEU, PU, EPE,
IUAC (INT), Actual AT Chatbot Usage (ACT), and SDLT.

We opted for PLS for SEM in this investigation due to its capability
to manage complex models and simultaneously measure multiple items,
which is crucial for comprehending causal relationships among variables.
Furthermore, PLS is particularly effective for assessing intricate predictive
models that involve a range of research constructs and variables, making
it a suitable choice for our study.

The current research explored the integration of Al-driven applications
within STEM education and their impact on problem-solving abilities and
self-efficacy, utilizing the SPLSS model. The results reveal that students’
views on Al-integrated STEM applications are strongly shaped by their
PEU, PU, as well as their personal sense of self-efficacy. These elements
are vital in shaping students’ readiness to adopt Al-based learning tools,
aligning with previous research on technology acceptance in educational
contexts. Specifically, students who view Al applications as easy to use
and beneficial for their academic progress exhibit increased confidence in
their problem-solving capabilities, which subsequently encourages higher
adoption and continued usage.

The high predictive accuracy of the ANN model confirms that fac-
tors such as perceived usefulness and expected performance gains are vital
drivers of engagement. Ultimately, by providing real-time, adaptive feed-
back and personalized learning pathways, these Al systems bridge the gap
between traditional instruction and independent problem-solving, fostering
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an environment where students feel empowered to explore STEM concepts
with greater self-efficacy and reduced cognitive strain.

The study’s findings highlight the important effect of PEU in guiding
students’ attitudes toward technology acceptance. The robust correlation
between self-efficacy and PEU suggests that students are more inclined to
interact with Al-powered applications when the user interface is intuitive
and requires minimal effort to navigate. This result corroborates the idea
that students prefer educational tools that are user-friendly and can be
seamlessly integrated into their academic work. Additionally, the research
shows that PU positively influences students’ intentions to engage with
technology, suggesting that when students recognize the tangible benefits
of Al in enhancing their STEM learning experiences, their likelihood of
adopting such technologies increases.

The outcomes of the research offer strong confirmation for the idea
that Al-based tools in STEM education significantly contribute to boost-
ing students’ problem-solving skills and self-esteem. Future study should
investigate the impact of extra factors, like gamification, interactive simula-
tions, and Al-facilitated collaborative learning environments, on enhancing
outcomes in STEM education. Moreover, long-term studies could be con-
ducted to assess the lasting effects of Al-driven educational programs on
students’ academic performance and readiness for careers in STEM fields.

Theoretical and Practical Implications

This research builds upon earlier empirical studies by implementing
the SPLSS model instead of relying exclusively on traditional statistical
methods. The study adopts a novel hybrid analytical approach, thereby
enhancing its contribution to the body of literature on Al-enhanced STEM
education. Furthermore, the SPLSS model exhibits greater predictive ac-
curacy than conventional SEM-based models, largely due to its advanced
ability to detect intricate, non-linear interactions among the elements of
the theoretical framework. By utilizing latent semantic structures, SPLSS
provides deeper understanding into how problem-solving abilities are con-
nected to individuals’ sense of self-efficacy, establishing a more holistic
model for grasping the role of Al-powered learning within STEM educa-
tion. Besides, ANN demonstrate is credited with more prominent prescient
control in comparison to PLS-SEM show basically due to the extra prefer-
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ences advertised by profound ANN design in distinguishing of non-linear
affiliation of hypothetical demonstrate components.

Managerial Implications

The study presents key managerial implications for enhancing Al-powered
STEM education tools. Developers should focus on user-friendly designs
and clearly communicate academic benefits to boost adoption. Institutions
must improve students’ ICT self-efficacy through targeted training and pro-
mote SDL by integrating Al tools into learning platforms. Motivation and
perceived performance gains should be emphasized via personalized feed-
back and gamified features (Pellag, 2025) Tailoring tools specifically for
STEM content is essential, as revealed by IPMA analysis. Lastly, using
predictive models like SPLSS and fostering cross-functional collaboration
can guide effective, data-driven decision-making and product development.

Constraints of the Current Research and Directions for Upcom-
ing Investigations

This study is subject to a number of constraints. Firstly, the conceptual
framework is constrained by its emphasis on a narrow range of variables,
mainly problem-solving abilities and self-efficacy, without accounting for
other psychological or environmental elements that could affect students’
engagement with Al-enhanced STEM applications. Secondly, the analysis
utilizes the SPLSS model, which, although useful, may not fully encom-
pass the complexities of students’ interactions with Al-based learning tools.
Thirdly, data collection was carried out via online surveys, which could in-
troduce sample bias, as students who are more knowledgeable or interested
in Al technologies might have been more inclined to participate. Fourthly,
while Al-powered applications can be applied in various educational con-
texts beyond STEM, this study is specifically centered on STEM education,
which restricts its applicability to other disciplines. In addition, this article
employed a convenience sample drawn from a single institutional context,
which may limit the representativeness of the findings and the potential
for response bias inherent in self-reported survey data, despite the use of
validated measurement scales and statistical checks for common method
bias. The cross-sectional design and reliance on perceptual measures are
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recognized as constraints on causal inference. Future research should inves-
tigate a wider array of influencing factors, including motivation, cognitive
load, and long-term learning outcomes, and should also consider experi-
mental or longitudinal methods to assess the lasting effects of Al-driven
learning tools on students’ academic success and self-efficacy (ILai, 2023).
Besides, it can be overcome the limitations by employing multi-site and
probability-based sampling across diverse institutions to improve represen-
tativeness and generalizability. To reduce response bias, studies should
combine self-reported surveys with objective measures such as system log
data, learning analytics, or observational methods. Longitudinal or experi-
mental designs would allow stronger causal inferences and capture changes
in students’ perceptions and behaviors over time. Finally, validating the
proposed model across different disciplines, educational levels, and cultural
contexts would enhance the robustness and transferability of the findings.
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6 Conclusion and Future
Work

6.1 Conclusion

This research establishes a comprehensive framework for comprehending
how Al-driven applications in STEM education can improve students’ problem-
solving skills and bolster their confidence. By examining the relationships
among [CT self-efficacy, user-friendliness, PU, and motivation to learn,
the study emphasizes the significance of Al chatbots in creating a more
involving and active learning experience. The findings reveal that these
chatbots not only facilitate interactive learning but also motivate students
to actively steer their own educational journeys. The ponder affirmed
that students’ self-efficacy in ICT is pivotal in forming their sees on Al
chatbots, with user-friendliness and PU being basic components for inno-
vation acknowledgment. The results demonstrated that AI contributes to
increased engagement, enhanced problem-solving capabilities, and greater
confidence in learning. SEM analysis reinforced the notion that Al-based
tools can significantly improve STEM education, provided they are imple-
mented in conjunction with traditional teaching methods for optimal re-
sults. The research underscores the necessity of further refining Al-driven
educational tools to ensure they are user-friendly, effective, and inclusive
for learners from various backgrounds. By leveraging Al chatbots, students
can receive immediate support, personalized learning experiences, and an
interactive setting that fosters improved problem-solving and deeper en-
gagement. Looking ahead, it is vital to investigate the enduring effect over
time, versatility, and integration of rising advances to progress Al-based
instruction and maximize its benefits for understudies around the world. It
can too outline how understudies see the innovational innovation utilized

in instruction.
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6.2 Future Work

o Future research should examine additional psychological and learning
factors such as motivation, cognitive load, and long-term academic
outcomes to broaden the model.

« Looking ahead, it is vital to investigate the enduring effect over time,
versatility, and integration of rising advances to progress Al-based
instruction and maximize its benefits for understudies around the
world.

o Finally, combining self-reported data with objective measures like
system logs and learning analytics would reduce response bias.
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