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Abstract

This study aims to develop and validate a user experience scale to construct an Actual
System Use model for online courses based on the Technology Acceptance Model, allow-
ing for a comprehensive assessment of the multidimensional factors affecting Learning
Outcomes and Actual System Use in the context of online courses. The scale includes
six core dimensions: Interactive Experience, Content Quality, Learning Outcomes, Teach-
ing Quality, Technical Support, and Learning Motivation. Through a literature review,
pre-survey, exploratory factor analysis, and confirmatory factor analysis, the reliability
and validity of the developed scale were verified. A second-order complex Structural
Equation Model was used to measure users’ Actual System Use with respect to online
courses. The results demonstrate that the Interactive Experience and Learning Motivation
dimensions play crucial roles in enhancing learners’ engagement and learning satisfaction,
while Perceived Usefulness and Perceived Ease of Use significantly influence system us-
age behaviors. This study provides a systematic theoretical basis and empirical data for
the design of online courses, offering valuable insights for optimizing course design and
enhancing user experiences.

Keywords: online course; user experience; actual system use; structural equation model;
second-order model

1. Introduction
1.1. Problem Statement

With the rapid development of internet technology, online courses have become a
mainstream and indispensable method in the context of primary, higher and vocational
education in recent years. Notably, 99% of higher education institutions have implemented
learning management systems, with 85% of these systems being in active use (Al-Fraihat
et al., 2020). Particularly in 2020, due to their flexibility, efficiency, and large-scale coverage,
online courses became a key solution to meet the demands of remote learning. However,
issues such as “building for the sake of building, disconnected from use” (Zhou et al.,
2022), “supply demand mismatch” (Cho et al., 2024), and “low performance outcomes”
(Bailey et al., 2022) have become increasingly prominent, prompting researchers to consider
how to scientifically assess the quality of online courses. The contradiction between the
growth of online course resources and learners’ diverse needs remains evident: while the
quantity of online course content on the internet has increased dramatically, the quality
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of this content often fails to meet the multi-level needs of different learners. Many online
educational resources do not deliver high-quality user experience (UE), thus failing to meet
learners’ diverse cognitive, interactive, and emotional needs and leading to difficulties in
user retention.

1.2. Research Objectives

UE refers to learners’ perceptions and experiences of the online course learning process
and outcomes, serving as a key indicator of course quality (Dwivedi et al., 2020; Hlosta
et al., 2022). Existing research on online course UE has been limited to discussions regarding
its definition, influencing factors, and related aspects, mainly addressing questions such
as “What is the online course user experience?” (Y. M. Cheng, 2020), “What dimensions
does it include?” (Al-Mekhlafi et al., 2022), and “What factors influence the online course
user experience?” (M. Yang et al., 2017). Thus, there is a lack of systematic theoretical
analyses and empirical studies relating to the question of “How to measure the UE of
online courses?”; particularly regarding research on Online Course User Experience Scales
and how UE impacts users’ continued usage behavior in the context of online courses.

This study focuses on three main objectives: first, to explore the dimensions that
constitute the UE of online courses; second, to scientifically construct a user experience
scale; and third, to validate the impacts of UE dimensions on Actual System Use.

1.3. User Experience

User experience (UE) refers to the overall perception and emotional response of users
when interacting with a product or service, involving multiple dimensions such as usability,
emotional experience, aesthetic value, interactivity, and contextual relevance (Norman,
2004; Hassenzahl, 2018). In recent years, researchers have proposed various theoretical
frameworks—such as Hassenzahl’s model of functionality and pleasure and Norman’s
three-level experience model—which provide important perspectives for understanding
the complexity of UE. With the proliferation of online teaching, e-commerce, and mobile
applications, UE research has gradually expanded from focusing on functional design to
exploring approaches for personalization and cross-cultural differences, addressing the
challenges of diverse user needs and contextual dependencies (Soares et al., 2021; Mei et al.,
2025). Van Wart et al. (2020) conducted an exploratory factor analysis-based study and
identified seven key success factors for online learning from the students’ perspective—
including Basic Online Modality, Instructional Support, Teaching Presence, Cognitive Pres-
ence, Online Social Comfort, Online Interactive Modality, and Social Presence—followed
by determination of their hierarchical significance. S. Wang et al. (2021) carried out re-
search based on UE, exploring four dimensions: usefulness, ease of use, functionality,
and aesthetics. Using the Delphi method and analytic hierarchy process, they conducted
a comprehensive evaluation of 16 secondary indicators and concluded that the primary
indicator “ease of operation” and the secondary indicator “convenience” are the most
important factors affecting UE in the context of online courses. Tao et al. (2022) identified
the key features of Massive Open Online Courses (MOOCs), emphasizing that factors
such as perceived entertainment, perceived quality, and perceived usability are crucial
considerations for online course designers. Table 1 briefly introduces the components used
for measurement of different aspects of UE.

User experience research has gradually expanded into the field of online teaching, pro-
viding important theoretical support for the optimizing course designs and improving user
satisfaction (Norman, 2004; Hassenzahl, 2018; Hassenzahl et al., 2021). In this context, the
Technology Acceptance Model (TAM) has become the theoretical foundation for studying
UE in online courses. Proposed by Davis (1989), the TAM emphasizes the influence of Per-
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ceived Usefulness (PU) and Perceived Ease of Use (PEOU) on users’ willingness to use and
their behaviors. This model has been widely applied in educational technology research,
to analyze how learners form a positive learning experience through their perceptions
regarding the functionality and ease of use of platforms (Venkatesh & Davis, 2000). Many
scholars have explored the relationship between UE and Actual System Use based on the
TAM (as detailed in Table 2). Studies have found that PU and PEOU have direct impacts
on UE, which in turn influences the actual usage of the system; for example, Bailey et al.
investigated the application of the TAM in online teaching platforms and found that PU has
a significant positive effect on students continued use of the system, while PEOU plays a
moderating role in student experiences. Similar studies have also been performed in other
fields; for example, H. Yang (2024) analyzed the TAM of UE with respect to healthcare
platforms, and found that PU and PEOU are key factors in predicting users’ intention to
continue using the system, with high-quality system design significantly enhancing user
acceptance and the frequency of ASU.

Table 1. Building blocks of user experience.

User Experience Elements of Composition References

User experience in MOOCs

Platform, resources, community, interaction,
behavior control, attitude, emotion, collaboration,

instructional design, differentiation, teachers,
organization, management, policy

(Al-Fraihat et al., 2020; B. Wu &
Wang, 2022; Martin et al., 2020)

User experience in
online teaching

Course platform, teacher–student interaction,
student–student interaction, individual learning,

learning motivation, learning effect, learning
attitude, learning participation

(Zuo et al., 2022; Lazim & Ismail,
2021; Al-Adwan, 2020; Rautela

et al., 2024)

User experience in smart
learning environments

Learning activities, physical environment,
resource access, lively interaction, content

presentation, learning equipment

(Huang et al., 2021; Menabo
et al., 2022)

User experience in online
teaching platforms

Sensory experience, interaction experience,
learning experience, design
experience, personalization

(Zardari et al., 2021; Tawafak
et al., 2020; M. Wang & Zhao,

2022; M. Wang et al., 2024)

User experience in
online courses

Teaching objectives, teaching difficulty, teaching
burden, emphasis on independence, teacher

control, curriculum value

(Cho et al., 2024; S. Wang & Lee,
2024; M. Wang et al., 2025)

Table 2. Extended dimensions of TAM-based models.

Model Variables References

TAM + TPB

Renewable Energy Usage Intention, Attitude Towards
Renewable Energy, Subjective Norm, Perceived

Behavioral Control, Perceived Ease of Use,
Perceived Usefulness

(Wong et al., 2024)

TAM + TPACK
Teacher Self-Efficacy, Perceived Ease of Use, Perceived
Usefulness, Continuous Use Intention, Social Influence,

Facilitating Citations, Top Management Support
(Al-Adwan et al., 2024)

TAM + ECM

Perceptual Normativeness, Perceived Enjoyment,
Perceived Interactivity, Perceived Value, Expectation

Confirmation, Perceived Usefulness, Customer
Satisfaction, Continuous Use Intention, Continuous Use

Behavior, Self-Efficacy (SLE), Contributing Factor

(W. Liu et al., 2020)
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Table 2. Cont.

Model Variables References

TAM + TPB + IS
Success Model

Actual Use, Behavioral Intention, Information Quality,
Technical System Quality, Service Quality, Perceived
Behavioral Control, Perceived Ease of Use, Perceived

Usefulness, Subjective Norms

(AL-Nuaimi et al., 2022)

TAM + UCOM

Perceived Usefulness, Perceived Ease of Use, Interactivity,
Teacher Subject Knowledge, Course Content, Technology
Integration, Behavior Intention, Academic Performance,
Effectiveness, Student Satisfaction, Support-Assessment,

Continued Intention to Use

(Tawafak et al., 2020)

1.4. Dimensions of User Experience

Users experience scales are important tools for measuring the perceptions and emo-
tions of users when interacting with products or services and are widely used in fields
such as human–computer interaction, online teaching, and e-commerce. Scale designs typi-
cally include core dimensions such as usability, emotional experience, Learning Outcomes,
and interactivity, and utilize methods such as the Likert scale for quantitative evaluation
(Lai et al., 2022). For example, classic scales such as the System Usability Scale (SUS)
(Vlachogianni & Tselios, 2022) and the User Experience Questionnaire (Laugwitz et al.,
2008) provide standardized frameworks for evaluating UE. At the same time, new scales
incorporating contextual adaptability and personalization dimensions have gradually been
developed to address complex user needs (Su et al., 2011). Future research should focus on
diversified scale designs and validation methods to improve the accuracy and applicability
of UE assessments.

Interactive Experience (IE): The IE of online courses is an important dimension for
measuring learners’ engagement and the quality of interaction in a digital learning envi-
ronment. Learning freedom, the learning community, and learning collaboration reflect
the flexibility of learners in terms of time and space, their depth of interaction with other
learners or instructors, and their level of involvement in collaborative tasks, respectively.

Learning freedom is reflected in a learners’ ability to flexibly arrange their study time
and location, as well as to choose learning content based on personal goals or interests
(Hung et al., 2010). This autonomy enhances the learner’s sense of control over the course,
thereby improving their learning satisfaction and outcomes (Jung et al., 2019). Moreover,
online courses further meet learners’ personalized needs through diverse module designs
and resource offerings (Mamun et al., 2020).

The learning community serves as the basis for social interactions and emotional
connections among learners (Yassine et al., 2022). It provides learners with a platform to
share knowledge and promotes knowledge construction through discussion and collabo-
rative activities (M. Wang et al., 2024). For example, through community exchanges and
discussions, learners can extend their knowledge both within and beyond the course, as
well as receiving emotional support and academic assistance from their peers (Y. Tang &
Hew, 2022). These interactions help learners to overcome feelings of isolation and enhance
their sense of belonging in the learning process.

Learning collaboration refers to learners working together through collaborative tasks
or project completion to collectively achieve learning goals (Seifert & Bar-Tal, 2023). Group
tasks and collaborative projects in online courses provide learners with opportunities to
apply their knowledge practically and enhance their team collaboration skills (Vartiainen
et al., 2022). Collaborative learning has been shown to have significant effects, promoting
knowledge sharing and improving learning efficiency (Erkens & Bodemer, 2019). Addi-



Educ. Sci. 2025, 15, 855 5 of 31

tionally, through the platform’s diverse interactive features, learners can engage in chat,
discussion forums, and after-class tutoring, thereby deepening their understanding and
application of knowledge (Mansour, 2024). Timely feedback from instructors and the
provision of after-class resources further facilitate the internalization of knowledge by
learners (Da-Hong et al., 2020). Moreover, the platform’s multi-device support and the
construction of learning communities enhance learners’ engagement and collaborative
experiences (Nong et al., 2023). Learners can receive positive feedback through interactions,
and this feedback mechanism plays a crucial role in maintaining motivation and solving
problems (W.-S. Wang et al., 2024).

Content Quality (CQ) is one of the key dimensions of UE in online courses, involving
the design of course content, the richness of resources, and the methods of presentation.
High-quality content can significantly enhance learners’ satisfaction and Learning Out-
comes (Du, 2023). Existing research on content and resources, knowledge presentation, and
course presentation provides a theoretical foundation for further analysis of CQ on online
teaching platforms.

Rich and high-quality course resources are key factors in enhancing the learning
experience. Online course platforms support autonomous learning through the provision
of diverse resources such as videos, course materials, case studies, and experiments (Wu
et al., 2024). This diversity of resources can meet the personalized needs of learners,
increasing engagement and learning efficiency (B. Liu & Yuan, 2024). Regular updating of
these resources helps to reflect the latest developments in the subject area, maintaining the
timeliness and attractiveness of the course (Shen, 2018).

The presentation of key concepts plays a crucial role in learners’ cognition and under-
standing. Presenting key concepts through multimedia formats such as charts, animations,
and videos can enhance learners’ understanding of abstract concepts (Mayer, 2017). At
the same time, through intuitive visual presentations, online courses not only improve the
visualization of knowledge but also enhance engagement with and the memorability of the
learning process (P. Tang et al., 2022).

The design of course presentation directly influences learners’ perceived quality and
willingness to engage in learning. Well-designed course materials with vibrant color
schemes help to attract learners’ attention and enhance their learning experience (Plass
et al., 2014). Furthermore, appropriately balancing the difficulty of the course’s content and
highlighting key points helps to effectively prevent learners from losing interest due to the
content being too difficult or too simple (Coman et al., 2020). The instructor’s performance
in the course (e.g., clear speech, moderate pacing, and appropriate attire) also significantly
impacts the overall perceived quality of the course (Morris et al., 2019). In recent years,
some studies have explored the roles of interactive features in enhancing CQ in online
courses. For example, live chat and real-time Q&A features facilitate communication
between instructors and students, enhancing learners’ immersion and interaction (Quadir
& Yang, 2024). While this technology-enhanced presentation approach brings new vitality
to traditional teaching, it also imposes higher demands on course design.

Learning Outcomes (LO) reflect the comprehensive improvement of learners in areas
such as knowledge, skills, and interest. Learning Outcomes are influenced by multiple
factors, including course design, learning tool support, and the individual engagement of
learners (M. Wang et al., 2025).

Systematic course design helps learners to form a clear and structured understanding
of knowledge (Theelen & van Breukelen, 2022). Modular content presentation and practical
features such as case analysis and simulation experiments can significantly enhance the
application of knowledge (Mei et al., 2023). Moreover, effective communication between
learners and instructors further optimizes the knowledge absorption process (Castaneda
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et al., 2018). Online learning skills and a positive learning attitude are crucial for positive LO,
with learners who efficiently use platform tools performing better in terms of knowledge
acquisition and problem-solving (Zhu et al., 2020). Reflective learning also enhances
efficiency and self-efficacy (Kuo et al., 2023). Learning interest—as the core intrinsic factor
driving learning behavior—is stimulated through diverse content formats such as videos
and animations (Mayer, 2017). The flexibility and efficiency of the course further promote
learners’ motivation (Wu et al., 2024). Achieving positive LO depends on multiple factors,
including CQ, learning attitude, platform support, and instructor feedback (Da-Hong et al.,
2020). As such, these factors should be considered jointly to determine important directions
for optimizing online courses.

Teaching Quality (TQ) in online courses is a key factor affecting learning experiences
and outcomes. In recent years, research in this field has focused on three main areas—course
structure and organization, teaching methods, and teaching assessment—exploring how to
enhance the effectiveness of courses through optimization of their design and implementa-
tion (Haagen-Schützenhöfer & Hopf, 2020). Clear course objectives and a well-organized
chapter structure provide a foundation for high-quality teaching (Oliveira et al., 2021).
Modular course design helps learners to quickly adapt to the online learning environment,
reduces cognitive load, and improves learning satisfaction and task completion efficiency
(Theelen & van Breukelen, 2022). The logical structure and coherence of the course also
help learners to form systematic knowledge (Jimoyiannis, 2010). The diversity of teaching
methods is particularly important in online courses. The introduction of case-based teach-
ing allows theoretical knowledge to be integrated with practical application, enhancing
understanding and mastery (Wu et al., 2024); meanwhile, multimedia technologies (such
as videos, animations, and interactive content) significantly increase engagement and moti-
vation (Mayer, 2017). Experienced instructors can dynamically adjust the course content
based on learners’ progress, thus enhancing the course’s effectiveness and the learners’
confidence (Morris et al., 2019). A comprehensive teaching assessment system ensures TQ
through systematically evaluating the progress and outcomes of learners, enabling targeted
course improvements (Da-Hong et al., 2020). Furthermore, assessments should include
multidimensional feedback on the learning process, and regular course team evaluations
can help to continually optimize the course’s content and teaching methods to meet learners’
evolving needs (Castaneda et al., 2018).

Technical Support (TS) is a crucial element in enhancing the learning experience and LO in
online courses, encompassing three major areas: assessment methods, functional and technical
environment, and after-class support. Assessment methods play a key role in improving LO.
Dynamic assessment mechanisms, through recording and providing feedback on the learning
process, help learners to clarify their learning progress and adjust their strategies accordingly
(Yan et al., 2024). Diversified assessment formats (such as assignments, exams, quizzes, and
group projects) not only help to determine LO, but also accurately reflect learners’ progress
(Wei et al., 2021). Feedback-based assessments further consolidate knowledge and optimize
learning methods (Howell, 2021). An effective assessment method should balance formative
and summative evaluations, promoting continuous learning and skill development. A fully
functional online platform ensures technic support Easy access, clear layout, and multi-device
support enhance the learning experience and reduce technical barriers (Y. Liu et al., 2022).
Reminder services (such as progress notifications and task reminders) help learners to manage
their learning progress and improve their time management skills (Oreopoulos et al., 2022). The
stability and functionality of the technical environment (such as real-time Q&A, data tracking,
and knowledge visualization) further enhance the mastery of learning content (Gao & Li, 2024).
After-class support ensures the continuity of learning, with assignments and exams reinforcing
the application of knowledge, and timely feedback from instructors and online Q&A addressing
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knowledge gaps and improving learning strategies (Wei et al., 2021). Tools and resources (such
as toolkits and answers) provide support for self-assessment and learning reinforcement, further
promoting the internalization of knowledge (Sobaih et al., 2021).

Learning Motivation (LM) is a key driving factor for the success of online learning,
determining the engagement, persistence, and LO of learners (C. Wang et al., 2022). Key
factors influencing LM include emotional learning experiences, motivation stimulation, a
sense of belonging and support, and course incentive mechanisms. Pleasant learning expe-
riences and a sense of achievement can enhance learners’ interest and intrinsic motivation
for the course, while incomplete tasks may trigger frustration and reduce their willingness
to participate (Feng et al., 2024). During course design, task difficulty must be balanced
to provide positive emotional experiences through goal achievement (Coman et al., 2020).
Motivational tasks and modular design in online courses significantly stimulate LM, with
clear task goals and attractive course content helping learners to maintain interest and
motivation (Daniels et al., 2021). External rewards, such as points and badges, can also
effectively motivate learners to actively participate (Xiao & Hew, 2024). A sense of belong-
ing and support is essential for sustaining LM. Interactive design and the development of
learning communities can alleviate feelings of isolation in online learning contexts, while
group tasks foster a collective sense of achievement. Platform reminders and encourage-
ment further stimulate the intrinsic motivation of learners (Zhang et al., 2024). Additionally,
effective course incentive mechanisms motivate learners’ participation through fun and
fairness (John et al., 2023).

This study identifies six primary indicators, each containing secondary indicators,
with the dimensions and definitions outlined in Table A1. Combining the characteristics of
online teaching and TAM theory, an Online Course User Experience Scale was developed in
order to comprehensively assess the key factors influencing UE. The scale includes six core
dimensions: Interactive Experience (IE), Content Quality (CQ), Learning Outcomes (LO),
Teaching Quality (TQ), Technical Support (TS), and Learning Motivation (LM). With the
six core dimensions as external variables; Perceived Usefulness (PU), Perceived Ease of Use
(PEOU), and UE as internal variables; and Actual System Use (ASU) as the independent
variable, a second-order complex model of user system usage was constructed to mea-
sure user ASU behaviors in online courses. This study was carried out in several stages:
first, through a literature review and theoretical analysis, the dimensions and theoretical
foundation of the scale were clarified; second, the User Experience Scale was developed,
and its item validity and applicability were tested through a pre-survey; third, the re-
liability, validity, and structural validity of the scale were verified through exploratory
factor analysis (EFA) and confirmatory factor analysis (CFA); and, finally, a second-order
complex Structural Equation Model (SEM) was used to measure user ASU in the context of
online courses.

1.5. Dimensions of Actual System Use

Perceived Usefulness (PU) reflects a user’s subjective assessment of the extent to which
a technology or system enhances their performance in real-world tasks (Scherer et al., 2019).
In the context of online teaching, PU is manifested primarily in improvements in academic
achievement, increases in task-completion efficiency, greater ease of knowledge acquisition,
and overall enhancement of the learning experience. First, online instruction—owing to its
flexible delivery modes and abundant resource support—is widely regarded as an effective
means of boosting learner performance. Through offering personalized learning pathways
and diverse pedagogical approaches, learners can review and consolidate the provided con-
tent more precisely, thereby achieving superior outcomes in examinations and assessments
(Iglesias-Pradas et al., 2021). This effect is particularly pronounced in data-driven adaptive
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learning environments, where PU has been shown to correlate significantly with gains in
learner performance (C. Jia et al., 2022). Second, the convenience of online teaching enables
learners to complete learning tasks with minimal friction. Features such as multi-platform
access, flexible scheduling, and on-demand resource retrieval substantially reduce the
temporal and cognitive costs of study (H.-H. Yang & Su, 2017). Moreover, modular course
designs and automated task reminders assist learners in planning and managing their
workload more effectively, rendering the learning process smoother and less burdensome
(Larmuseau et al., 2019). A third important dimension of PU is its impact on learning
efficiency. By providing high-quality multimedia materials—such as instructional videos,
animations, and case studies—online platforms can significantly shorten the learning time
while enhancing comprehension (Anderson & Dron, 2011). Learners who exercise control
over the pace of instruction are able to master concepts more rapidly, thereby elevating
overall learning efficiency (Qu, 2021). For example, virtual laboratories and real-time case
discussions help students to apply theoretical knowledge to practical scenarios, deepening
and broadening their understanding (Alamri, 2022). Finally, PU plays a critical role in shap-
ing learners’ intentions to continue using online teaching resources. Through increasing
user satisfaction, PU exerts an indirect effect on LO and serves as a key driver for sustained
engagement with online instructional formats (Al-Rahmi et al., 2021).

Perceived Ease of Use (PEOU) measures a user’s subjective perception regarding how
effortless it is to operate a system or technology. In the context of online teaching, PEOU
is reflected in the convenience of system operations, the efficiency of resource access, the
intuitiveness of the user interface, and the human-centered design of features. First, the
simplicity of system operations is a critical determinant of the learner’s UE and acceptance
of technology. An easy-to-learn platform can substantially reduce the user’s cognitive
load and increase their engagement by minimizing frustration during initial use (Silva,
2015). Interfaces with clear information architecture and streamlined navigation enable
learners to familiarize themselves with functions quickly, thereby lowering the barrier to
effective use (Jiang et al., 2022). Second, the efficiency of resource access facilitates the
smooth functioning of online teaching systems. Platforms that respond rapidly to user
requests not only boost learning efficiency, but also foster greater satisfaction and trust in
the system (Yu & Xu, 2022). In particular, intelligent searches and automated download
capabilities significantly enhance the resource retrieval experience by reducing wait times
and simplifying workflows (Y. Jia & Zhang, 2021). Moreover, an intuitive interaction design
greatly facilitates user operations, allowing learners to complete tasks without unnecessary
complexity. Clean, uncluttered user interfaces help users to understand and engage with
system features effortlessly (Yu & Xu, 2022). Humanized functionalities—such as progress
tracking, automated reminders, and multi-device synchronization—further enrich the
learning experience by enabling personalized study paths and effective task management
(Alamri, 2022).

In summary, an online teaching system that combines operational simplicity, efficient
resource access, an intuitive interface, and human-centric features can deliver a more
seamless learning experience. Through the reduction of cognitive barriers, high PEOU
enables learners to focus their cognitive resources on the content itself, thereby enhancing
overall LO (Venkatesh & Bala, 2008).

UE directly influences the attitudes, engagement, and satisfaction of learners. On-
line courses—by virtue of their flexibility, diverse resources, and personalized learning
support—are widely regarded as an effective mode of instruction. Research has indicated
that, compared with traditional classroom settings, online teaching better accommodates
learners’ schedules and needs, thereby significantly enhancing learning efficiency (An-
derson & Dron, 2011). This is especially true for adult and working learners, for whom
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online instruction offers both flexibility and efficacy (Abedini et al., 2021). Learners’ posi-
tive attitudes toward online teaching are considered a critical component of UE. Studies
have shown that the more favorable the attitudes of learners, the higher their engagement
and LO (Ferrer et al., 2022). Features such as flipped-classroom formats and case-based
instruction, together with interactive tools (e.g., discussion forums and real-time Q&A),
effectively stimulate interest and motivation (J. Cheng et al., 2024).

Moreover, the rich content and personalized pathway design characteristic of online
courses can meet the diverse needs of different learners. By selecting modules that align
with their interests and goals, learners can pursue individualized objectives (Anderson
& Dron, 2011). Instant access to a broad array of resources further reinforces a learner’s
perception that their educational needs are being met (Y. Jia & Zhang, 2021). In terms
of experiential quality, online teaching allows for the delivery of intuitive multimedia
presentations—such as videos, animations, and interactive simulations—and fosters an
enjoyable learning atmosphere (Anderson & Dron, 2011). This sense of enjoyment not
only heightens learners’ interest, but also deepens their immersion and achievement (Al-
Rahmi et al., 2021). Gamification elements and virtual-reality applications, for example,
create engaging, game-like environments that markedly boost enjoyment and sustained
usage intentions (Bai et al., 2020). Such enhancements in enjoyment play a pivotal role
in promoting learners’ continued commitment and further cement the status of online
teaching as an efficient learning tool.

Actual System Use (ASU) is a key behavioral variable in the TAM, directly reflecting
a user’s acceptance of and reliance on a system. In an online teaching context, ASU is
evidenced by the level of engagement of learners, their intention to continue using the
platform, recommendation behaviors, and the decision to integrate online instruction into
their daily learning plans.

Engagement lies at the heart of ASU and is jointly shaped by learner attitudes, platform
functionality, and Content Quality (Chen et al., 2022). Online teaching platforms boost
engagement by offering abundant learning materials, diversified interactive tools, and
flexible scheduling. This engagement is reflected not only in the completion of course
tasks, but also in learners’ autonomous exploration and proactive interactions (Bailey
et al., 2022). Continuance intention is another critical indicator of ASU. Learners typically
persist with an online teaching platform to satisfy their long-term learning needs, especially
when it provides a wide variety of course options, personalized learning pathways, and
a seamless learning experience (Venkatesh & Bala, 2008). Such intentions signify high
recognition of the platform’s functionality and usefulness. Recommendation behaviors
further illustrate a user’s trust and satisfaction with online teaching. When learners are
willing to recommend a platform to others, it indicates their confidence in the LO, CQ, and
TQ associated with the platform (Lee & Jung, 2021). Driven by positive user experiences
and reliable support, recommendations serve as a vital mechanism for platform diffusion.
Moreover, the choice of an online teaching platform as a preferred mode of learning is
often motivated by its flexibility and convenience. This is particularly true for working
professionals or interdisciplinary learners, for whom online teaching can efficiently meet
their diverse learning requirements (Anderson & Dron, 2011). The incorporation of online
learning into daily study routines marks a deep integration of the system into the user’s
behavioral patterns and demonstrates sustained usage. Based on a high valuation of the
benefits of online learning and clear awareness of their own educational needs, learners
regard the platform as an essential tool for achieving their career goals and ongoing
development (Aleixo et al., 2021).
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2. Materials and Methods
2.1. Research Design

This study drew on Scale Development: Theory and Application by DeVellis and
Thorpe (2021), followed the scientific scale development procedures outlined by Jebb et al.
(2021, pp. 1995–2019), and employed a 7-point Likert scale (South et al., 2022) to construct
the proposed instrument. Development of the scale was carried out in the following stages:
Initial item generation, establishment of expert-based content validity, scale pretest and item
analysis, EFA, CFA, reliability and validity assessment, and structural equation modeling.

The Credamo platform, which has a large user base, was used for survey data collec-
tion in this study. To ensure data quality and sample accuracy, the platform sets precise
distribution conditions. It restricts participants to university students (Generation Z, as
digital natives who value personalized, fast, and interactive learning experiences) and
sets thresholds for “participant credit score” and “historical acceptance rate,” requiring
both to exceed 70 for participation. Additionally, the platform allows a rejection rate of up
to 35%, effectively preventing random or incomplete responses, ensuring the reliability
and validity of the obtained data. Compensation for participants is determined based on
the number of survey questions, with higher distribution requirements corresponding to
higher service fees.

2.2. User Experience Scale Development

During scale construction, abstract dimensions were operationalized into observable
indicators by systematically reviewing and adapting established domestic and international
instruments for online course learning experiences. As a result, 6 first-order dimensions
and 19 second-order dimensions were identified (Table A2). Based on their conceptual
definitions, the final instrument comprised 64 items across 6 dimensions: IE (11 items), CQ
(9 items), TQ (9 items), TS (10 items), LO (11 items), and LM (14 items). All items used a
7-point Likert scale (1 = strongly disagree; 7 = strongly agree). Demographic questions
cover gender, age, education level, and cumulative online learning time.

2.3. User Actual System Use Scale Development

In this study, users’ ASU of online courses was measured across ten dimensions, with
the specific items for each dimension presented in Table A3.

2.4. User Actual System Use Model Construction

This study is grounded in the TAM, but introduces an innovative modification by replac-
ing its traditional “Attitude Toward Use” (ATU) and “Behavioral Intention” (BI) constructs
with “User Experience” (UE). Recent studies have demonstrated that UE not only signifi-
cantly influences initial technology acceptance, but also plays a critical role in enhancing
long-term satisfaction and continuance intentions (Franque et al., 2020). While the classic TAM
emphasizes PEOU and PU, the broader integrative construct of UE more comprehensively
captures learners’ overall responses—encompassing affective reactions, cognitive appraisals,
and behavioral feedback—when engaging with online instructional resources, thereby offering
superior predictive power for sustained system usage (Zuo et al., 2024).

Embedding UE as a central variable within the TAM framework, this study aims
to more precisely capture the multidimensional experiences that users undergo during
their actual course interactions, thus enhancing the model’s practical applicability and
explanatory strength. The resulting model of ASU for online courses (Figure 1) extends
beyond the purely cognitive focus of the traditional TAM to include dimensions such
as Content Quality, platform interaction support, learning ambiance, and personalized
services—factors which have been shown to be pivotal in driving continued engagement
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with online teaching platforms. Accordingly, we propose UE as the core mediating variable
within the improved TAM, better reflecting the genuine needs and sustained participation
of learners in online learning environments.

 

Figure 1. ASU model for online course users.

Based on the actual system usage model constructed in this study, 14 hypotheses
are proposed.

H1-1. Interaction Experience has a direct positive effect on Perceived Usefulness.

H1-2. Interactive Experience has a direct positive impact on Perceived Ease of Use.

H2-1. Content Quality has a direct positive impact on Perceived Usefulness.

H2-2. Content Quality has a direct positive impact on Perceived Ease of Use.

H3-1. Learning Outcomes have a direct positive impact on Perceived Usefulness.

H3-2. Learning Outcomes have a direct positive impact on Perceived Ease of Use.

H4-1. Teaching Quality has a direct positive impact on Perceived Usefulness.

H4-2. Teaching Quality has a direct positive impact on Perceived Ease of Use.

H5-1. Technical Support has a direct positive impact on Perceived Usefulness.

H5-2. Technical Support has a direct positive impact on Perceived Ease of Use.
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H6-1. Learning Motivation has a direct positive effect on Perceived Usefulness.

H6-2. Learning Motivation has a direct positive effect on Perceived Ease of Use.

H7. Perceived Ease of Use has a direct positive impact on Perceived Usefulness.

H8. Perceived Ease of Use has a direct positive impact on User Experience.

H9. Perceived Usefulness has a direct positive impact on User Experience.

H10. User Experience has a direct positive impact on Actual System Use.

3. Results
3.1. Verification and Analysis of Online Course User Experience Scale
3.1.1. Expert Review for the Content Validity of the User Experience Scale

To ensure content validity (Park et al., 2007), five experts in educational technology
(one full professor, two associate professors, and two lecturers) reviewed the scale. Their
evaluation focused on: (1) clarity of item wording—identifying ambiguity, redundancy, or
incomprehensibility; and (2) the degree to which each item represented its target dimension.
Based on their feedback, the initial items were refined: expressions were rewritten in the
first person, redundant items were deleted, and overlapping items were adjusted. The
expert review confirmed the overall structure, yielding a 64-item scale pre-test.

3.1.2. Scale Pre-Test and Item Analysis

The pre-survey aimed to evaluate the scale’s reliability and validity. The questionnaire
was designed and administered via the Credamo online platform. In the pre-survey stage,
each subject received a reimbursement of RMB 5. Due to multiple restrictions (occupation
restrictions, subject reputation restrictions, etc.), the platform charges a service fee of
RMB 98 at this stage. A total of 171 copies were issued, 14 invalid responses were excluded,
and 157 valid questionnaires were retained (effective rate = 91.8%), comprising 55 male
and 102 female respondents. The data analysis proceeded as follows.

For data analysis and processing, SPSS 23.0 was used to perform item analysis via the
Critical Ratio (CR) method, removing items with poor discrimination. First, total scores
were computed and sorted; the lowest 25% (≤316 points) and highest 25% (≥356 points) of
cases formed the low- and high-score groups, respectively. Independent-samples t-tests
were then conducted to compare the mean item scores between these groups. Levene’s
test for equality of variances and mean comparisons showed that items IE11, CQ3, LO1,
LO2, LO7, LO8, LO9, TQ6, TQ7, and LM1 were non-significant (p > 0.05), while all other
items differed significantly, indicating good discriminative ability. Simultaneously, item
homogeneity was examined via bivariate Pearson correlations with the total scale score.
Although most items correlated with the overall score at the 0.01 level (two-tailed), items
CQ3, CQ8, LO7, TQ6, TQ9, TS2, LM2, and LM4 had coefficients below 0.30, indicating they
did not relate significantly to the total scale.

Reliability analysis of the pre-test scale showed that Cronbach’s α for each dimension
exceeded 0.70, indicating acceptable reliability. Item analysis, however, revealed that
deleting certain items would further improve the α value. Accordingly, items IE11, CQ3,
CQ6, CQ8, LO1, LO7, LO8, LO9, LO11, TQ1, TQ6, TQ9, TS1, TS2, TS6, LM1, LM2, LM4,
and LM5 were removed, yielding a final overall Cronbach’s α of 0.908 (Table 3).
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Table 3. Reliability of each dimension after removing items from pre-survey data.

Item IE CQ LO TQ TS LM Total

Alpha 0.883 0.869 0.834 0.854 0.796 0.885 0.908
N of Items 10 6 6 6 6 10 45

3.1.3. Exploratory Factor Analysis

To examine the internal dimensional structure of the scale, EFA was employed. Prior
to factor extraction, the suitability of data was assessed: a Kaiser–Meyer–Olkin (KMO)
measure above 0.60 indicates adequacy for factor analysis, and Bartlett’s test of sphericity
evaluates the inter-variable correlations; a significant p-value denotes that the correlation
matrix is not an identity matrix, and that factor analysis is appropriate.

Using SPSS 23.0, the KMO value was 0.784 (>0.60) and Bartlett’s test was significant at
p < 0.001, indicating the presence of common factors among variables and confirming that
the data were highly suitable for factor analysis, thereby providing a solid foundation for
subsequent analyses, as detailed in Table 4.

Table 4. Pre-survey data validity analysis: KMO and Bartlett’s test results.

Kaiser–Meyer–Olkin Measure of Sampling Adequacy 0.784

Bartlett’s Test of Sphericity
Approx. Chi-Square 4291.41

df 990
Sig. 0

This study used expert consultation and a literature review to establish the scale’s
theoretical dimensions and, having confirmed its content validity, conducted exploratory
factor analyses at the dimension level. For each theoretical dimension, Principal Component
Analysis (PCA) with varimax rotation was applied. After iterative refinement to remove
19 items (IE11, CQ3, CQ6, CQ8, LO1, LO7, LO8, LO9, LO11, TQ1, TQ6, TQ9, TS1, TS2, TS6,
LM1, LM2, LM4, LM5), PCA extracted 13 factors which collectively explained 76.273% of
the total variance. The first factor had the largest eigenvalue (9.254), accounting for 20.563%
of the variance, with each subsequent factor contributing progressively less, indicating a
robust factor structure that effectively reduced dimensionality and yielded clear variable
groupings. Factors were named in accordance with the theoretical dimensions, and the
final allocation of items to each factor is shown in Table A4.

3.1.4. Confirmatory Factor Analysis

After the pre-test, item analysis, and EFA, 45 items were retained to form the “Formal
Online Course User Experience Scale.” The instrument was administered via Credamo,
yielding 490 responses, of which 457 were valid (effective rate = 93.3%; 140 males and
317 females). The demographic characteristics of respondents to the formal survey are
detailed in Table 5.

Reliability analysis of the 457 formal survey responses using SPSS 23.0 indicated that
Cronbach’s α for each dimension exceeded 0.70, with an overall α = 0.931, demonstrating
excellent internal consistency (as detailed in Table 6).

KMO and Bartlett’s tests were then conducted on the 457 formal survey responses
using SPSS 23.0. The KMO measure was 0.784 (>0.60) and Bartlett’s test was significant at
p < 0.001 (Table 7), indicating that the data were suitable for factor analysis.
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Table 5. Demographic characteristics of user formal survey respondents.

Provinces

Distribution Frequency Percentage

Provinces

Distribution Frequency Percentage
Anhui Province 22 4.81% Jilin Province 8 2.32%
Hainan Province 5 0.97% Jiangsu Province 39 9.46%

Beijing 10 2.12% Jiangxi Province 22 4.25%
Fujian Province 15 2.90% Liaoning Province 18 4.44%
Gansu Province 2 0.39% Inner Mongolia

Autonomous Region 3 0.39%

Guangdong Province 67 15.64% Ningxia Hui
Autonomous Region 2 0.39%

Guangxi Zhuang
Autonomous Region 17 3.28% Shaanxi Province 10 1.93%

Guizhou Province 3 0.58% Yunnan Province 4 1.16%
Hebei Province 18 5.41% Shandong Province 37 7.14%
Henan Province 22 4.25% Shanxi Province 25 5.79%

Heilongjiang Province 10 1.93% Shanghai City 13 2.51%
Hubei Province 13 2.51% Sichuan Province 20 4.44%
Hunan Province 17 3.28% Zhejiang Province 19 3.67%

Xizang 1 0.19% Tianjin City 4 0.77%
Chongqing City 7 2.12% Xinjiang 4 0.77%

Answer time Shortest 100S
Age

>24 185 40.48%
Longest 1036S

18–24 272 59.52%
Gender Male 140 30.63%

Female 317 69.37%

Length of
teaching

Less than 1 h 73 14.09%

Level of
teaching

Specialist department 32 7.00% 1 to 2 h 225 43.44%
Undergraduate 294 64.33% 2–3 h 169 32.63%
Master’s degree

or above 131 28.67% More than 3 h 51 9.85%

Table 6. Reliability Analysis Results for Each Dimension of the User Experience Scale.

Item IE CQ LO TQ TS LM Total

Alpha 0.884 0.854 0.844 0.854 0.843 0.89 0.931
N of Items 10 6 6 6 6 10 45

Table 7. Validity analysis: KMO and Bartlett’s test results of the User Experience Scale.

Kaiser–Meyer–Olkin Measure of Sampling Adequacy 0.899

Bartlett’s Test of Sphericity
Approx. Chi-Square 11,411.663

df 990
Sig. 0

Using AMOS 28.0, CFA was performed to assess the structural validity of the Online
Course Learning Experience Scale. In the SEM (Figure 2), 45 items served as observed
variables, 13 factors as first-order latent variables, and 5 factors as second-order latent
constructs. A second-order model was specified in AMOS, and the data were imported for
analysis. Maximum likelihood estimation was used for model identification and parameter
estimation. Fit indices (Table 8) indicated that the model met the recommended thresholds
for absolute fit (CMIN/DF, RMSEA), incremental fit (IFI, TLI, CFI), and parsimony fit
(PNFI, PCFI), demonstrating satisfactory overall model fit.

Table 8. Results of CFA fitting index analysis.

Statistical Indicators CMIN/DF RMSEA IFI TLI CFI PNFI PCFI

Index of fit 1.166 0.019 0.986 0.985 0.986 0.843 0.806
Criteria of fit 1~3 <0.05 >0.9 >0.9 >0.9 >0.5 >0.5

Is it up to standard? Yes Yes Yes Yes Yes Yes Yes
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Figure 2. CFA measurement model path diagram.

The data shown in Table 9 indicate that all six constructs—IE, CQ, LO, TQ, TS, and
LM—exhibited satisfactory reliability and validity. Specifically, the Average Variance Ex-
tracted (AVE) for each construct exceeded 0.50 and the Composite Reliability (C.R.) values
were all above 0.70. Although a small number of factor loadings fell below 0.70, the majority
exceeded this threshold, confirming strong convergent validity and internal consistency.
Moreover, all path loadings were significant and the latent variables demonstrated substan-
tial explanatory power over their respective indicators. These results validate the model’s
soundness and provide empirical support for further examination of the relationships
among constructs.

Table 9. Pearson correlation analysis results.

Dimension IE CQ LO TQ TS LM PU PEOU UE ASU

IE 1
CQ 0.324 ** 1
LO 0.347 ** 0.368 ** 1
TQ 0.347 ** 0.332 ** 0.390 ** 1
TS 0.377 ** 0.387 ** 0.392 ** 0.539 ** 1
LM 0.299 ** 0.274 ** 0.327 ** 0.332 ** 0.385 ** 1
PU 0.072 0.073 0.015 0.056 0.009 0.041 1

PEOU 0.052 0.061 0.017 0.007 0.06 0.059 0.634 ** 1
UE 0.034 0.098 * 0.057 0.003 0.048 0.063 0.603 ** 0.616 ** 1

ASU 0.021 0.114 * 0.075 0.006 0.081 0.023 0.486 ** 0.506 ** 0.629 ** 1

* Correlation is significant at the 0.05 level (2-tailed); ** Correlation is significant at the 0.01 level (2-tailed).

As shown in Table A5 and Figure 2, the six dimensions of IE, CQ, LO, TQ, TS, and
LM demonstrated excellent reliability and validity. Specifically, the AVE values for all
dimensions exceeded 0.5, indicating adequate convergent validity; the C.R. values for all
dimensions were above 0.7, confirming strong internal consistency; and, while a few factor
loadings were slightly below 0.7, the majority exceeded 0.7, further supporting the scale’s
convergent validity and internal consistency. Additionally, the factor loadings along all
paths were significant, indicating that the latent variables strongly explain their respective
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measurement indicators. These findings validate the rationality of the model and provide
robust data support for further exploration of the relationships among the dimensions.

As shown in Table 10, the results of the correlation analysis indicated that the correla-
tion coefficients between all dimensions reached a significant level (p < 0.001), demonstrat-
ing significant positive relationships among the dimensions. Among these, the correlation
between TQ and LO was the highest (0.593 ***), suggesting that TQ has a notably strong
influence on IE. Additionally, LM showed high correlations with other dimensions, such as
LO and TQ, highlighting the critical role of LM in the overall UE. Furthermore, the square
root of the AVE for each dimension was greater than the correlation coefficients between
the dimensions, indicating good discriminant validity among the dimensions. These results
support the reliability and validity of the scale and reinforce its theoretical foundation.

Table 10. Results of discriminant validity test.

Item TS IE CQ LO TQ LM

TS 0.785
IE 0.386 *** 0.722

CQ 0.44 *** 0.458 *** 0.755
LO 0.426 *** 0.491 *** 0.518 *** 0.791
TQ 0.462 *** 0.514 *** 0.497 *** 0.593 *** 0.785
LM 0.4 *** 0.407 *** 0.368 *** 0.451 *** 0.481 *** 0.782
AVE 0.617 0.521 0.570 0.626 0.616 0.611

*** p < 0.001.

3.2. Online Course Actual System Use Structural Equation Model Validation and Analysis
3.2.1. Expert Review for the Content Validity of the Actual System Use Scale

Five experts in the field of educational technology evaluated the scientific rigor and
appropriateness of the scale items. Following their review, the experts endorsed the overall
structure, and the number of items measuring ASU was finalized at 65.

3.2.2. Project Analysis

As the ASU scale was adapted from established measures, no factor analysis was
performed. The Formal Online Course User Experience Scale combined with the ASU
dimensions was administered via Credamo, yielding 457 valid responses. Item discrimi-
nation was assessed via the CR method: cases were sorted by total score, with the bottom
25% (≤274) forming the low group and the top 25% (≥332) the high group. Independent-
samples t-tests revealed that items PU3, PEOU2, UE4, and ASU2 did not differ significantly
(p > 0.05), whereas all other items showed significant high–low group differences, indicat-
ing good discrimination. Concurrently, bivariate Pearson correlations with the total scale
score confirmed that, when items with coefficients below 0.30 were removed, the remaining
items all correlated significantly with the overall score (p < 0.01).

3.2.3. Descriptive Statistics and Normality Test of Each Dimension Measurement Item of
Formal Survey Data

Table A6 presents descriptive statistics and normality test results for each factor. Mean
scores ranged from 4 to 5 on the 1–7 positive scale, indicating that participants’ performance
across all dimensions was at a moderate level. Normality for each item was assessed
according to skewness and kurtosis. Following Kline (1998), absolute skewness ≤ 3 and
kurtosis ≤ 8 indicate approximate normality. All items met these criteria, confirming
near-normal distributions.

3.2.4. Subsubsection

Exploratory Pearson correlation analysis was conducted to examine the relationships
between multiple variables. As shown in Table 10, most dimensions exhibited significant
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positive correlations, with all coefficients being positive at the 0.01 significance level,
indicating strong positive associations. For example, IE correlated positively with CQ,
LO, and TQ (r > 0). In contrast, PU showed weaker correlations with other dimensions,
with some (e.g., IE and TQ) even being negatively correlated (r < 0), indicating more
complex relationships. Notably, PEOU and UE had a strong positive correlation (r = 0.616),
suggesting a significant link between these two dimensions. Additionally, ASU showed
strong positive correlations with PU, PEOU, and UE, indicating their considerable impact
on user ASU.

3.2.5. Reliability and Validity Analysis

Reliability analysis of the 457 formal survey responses was conducted using SPSS
23.0. Cronbach’s α values for all dimensions exceeded 0.70, with the overall Cronbach’s α
(=0.926) indicating good reliability (Table 11).

Table 11. Reliability Analysis Results for Each Dimension of the Actual System Use Model.

Item PU PEOU UE ASU Total

Alpha 0.856 0.849 0.839 0.865 0.926
N of Items 4 4 4 4 16

KMO and Bartlett’s test of sphericity were performed on the 457 formal survey re-
sponses using SPSS 23.0. The KMO value was 0.932 (>0.6) and Bartlett’s test was significant
at p < 0.001 (Table 12), indicating that the data were suitable for factor analysis.

Table 12. Validity analysis: KMO and Bartlett’s test results of the Actual System Use Model.

Kaiser–Meyer–Olkin Measure of Sampling Adequacy 0.932

Bartlett’s Test of Sphericity
Approx. Chi-Square 4004.985

df 120
Sig. 0

3.2.6. Structural Equation Modeling Analysis

The model fit was assessed, and the results showed that the model met the required
thresholds for absolute fit indices (CMIN/DF = 1.564, RMSEA = 0.035), incremental fit
indices (IFI = 0.934, TLI = 0.93, CFI = 0.934), and parsimony fit indices (PNFI = 0.796,
PCFI = 0.888), indicating that the model demonstrates a good overall fit (Table 13).

Table 13. Results of SEM fitting index analysis.

Statistical Indicators CMIN/DF RMSEA IFI TLI CFI PNFI PCFI

Index of fit 1.564 0.035 0.934 0.93 0.934 0.796 0.888
Criteria of fit 1~3 <0.05 >0.9 >0.9 >0.9 >0.5 >0.5

Is it up to standard? Yes Yes Yes Yes Yes Yes Yes

Path relationship tests revealed several significant effects. Specifically, PEOU← IE
(p = 0.042) and PU← TQ (p = 0.049) were significant, indicating that IE positively influ-
ences PEOU and TQ positively affects PU. Other significant paths, such as PEOU← CQ,
PU← LM, and UE← PU, highlighted the importance of these factors in the model. The
path ASU← UE (p < 0.01) revealed a strong and highly significant impact of UE on ASU.
Overall, these paths demonstrated positive interactions and the roles of various factors in
enhancing user experience, as detailed in Table 14 and Figure 3.
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Table 14. SEM path relationship test results.

Path Estimate S.E. C.R. p

PEOU← CQ 0.192 0.03 5.29 ***
PEOU← IE 0.123 0.079 2.033 0.042

PEOU← LM 0.261 0.032 6.76 ***
PEOU← TS 0.267 0.029 7.076 ***
PEOU← TQ 0.193 0.029 5.177 ***
PEOU← LO 0.142 0.031 3.625 ***
PU← PEOU 0.701 0.064 11.829 ***

PU← CQ 0.193 0.029 5.308 ***
PU← IE 0.568 0.049 13.727 ***

PU← LM 0.401 0.05 9.077 ***
PU← TS 0.164 0.043 3.661 ***
PU← TQ 0.114 0.059 1.971 0.049
PU← LO 0.246 0.029 6.235 ***
UE← PU 0.372 0.077 5.56 ***

UE← PEOU 0.475 0.085 6.83 ***
*** p < 0.001.

 
Figure 3. SEM analysis model diagram.

4. Discussion
This study constructed and validated the Online Course User Experience Scale to

explore the multidimensional factors influencing online learning. Our findings are generally
consistent with the existing literature, but also offer new perspectives.

Significant positive correlations were observed between IE and LM, TQ, and CQ. This
aligns with Bailey et al. (2022), who found that the interactive features of online learning
platforms effectively enhance learner engagement and satisfaction. Furthermore, the signif-
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icance of subdimensions such as learning autonomy and collaborative learning supports
previous research (Weinberger & Fischer, 2006) highlighting the importance of active partic-
ipation in social interaction and collaborative learning for LO. However, while these factors
showed significant relationships, some paths—especially between certain interaction di-
mensions and Teaching Quality—exhibited weaker effects, suggesting that future research
could further explore the integration of interactive features and teaching methods.

PU and PEOU were found to significantly influence the system usage behaviors
of learners, consistent with Davis’s (1989) TAM, where these variables are crucial for
acceptance of technology. However, the impact of PU on LM is more complex, with
weaker positive associations in some paths, aligning with the results of Venkatesh and Bala
(2008). Traditionally focused on cognitive factors, the TAM was expanded in this study by
introducing user experience (which moderates the relationship between PU and PEOU),
offering new perspectives for extending the TAM.

Motivation plays a central role in promoting engagement with and the continued use
of online platforms by learners; this is consistent with H. Yang (2024), who found that
motivation significantly impacts online learning engagement and outcomes. Our study
further reveals that LM is driven not only by content appeal, but also by learning support
and community belonging. This finding reinforces the idea that task design and platform
interaction mechanisms strongly influence motivation, supporting the role of gamification
in enhancing motivation for learning (Bai et al., 2020).

The innovation of this study lies in its use of the TAM to model online course UE,
while introducing a multidimensional framework for UE that emphasizes the combined
effects of factors such as IE, CQ, and TS. For example, (Quadir & Yang, 2024) found
that interactive features in online teaching platforms enhance learners’ immersion and
engagement, and our study further confirmed their impacts on LM and continued usage
behaviors. Additionally, the EFA and structural equation modeling results validated the
internal relationships between these dimensions, deepening our understanding of online
course learning experiences.

Despite providing valuable insights into online course UE, this study had some limita-
tions. First, the sample primarily consisted of university students from a specific region,
which may limit the generalizability of the results due to regional and cultural differences.
As such, future research could consider cross-cultural or cross-regional comparisons. Sec-
ond, while a comprehensive user experience scale was developed, further exploration of
personalized learning experiences and long-term tracking of user behaviors are needed.
Finally, with the continuous development of technology, future studies could incorporate
AI techniques and big data analytics to explore how intelligent recommendation systems
can further optimize learning experiences and improve academic performance.

5. Conclusions
This study developed and validated the Online Course User Experience Scale, allowing

for a comprehensive analysis of key factors in the context of online learning. The findings
demonstrated that IE, CQ, LM, TQ, and PU are the main factors affecting learners’ online
course experiences and continued usage behaviors. Notably, LM and IE were found to play
significant roles in enhancing learner engagement and satisfaction.

Compared to previous studies, our research extended the TAM by introducing a more
comprehensive UE framework and validating the relationships between these dimensions.
These results offer theoretical insights for the design of online teaching platforms, partic-
ularly in terms of enhancing learner interactions, improving the quality of content, and
providing personalized support.
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Future research could explore how emerging technologies, such as AI and big data
analytics, can help to further optimize personalized online course experiences, while
also considering differences in UE across cultural contexts, which may inform broader
theoretical and practical guidance for the development of global online teaching platforms.
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Appendix A

Table A1. Construct dimensions and definitions of Online Course User Experience Scale.

First-Level
Indicator Second-Level Indicator Definition References

Interactive
Experience (IE)

Degrees of Learning
Freedom (DOLF)

Refers to the extent to which an online course enables
learners to freely choose the time, place, mode, and

content or learning pathways of their participation, thus
reflecting its capacity to meet individualized needs.

(Hung et al., 2010; Jung et al.,
2019; Mamun et al., 2020)

Learning Community
(LC)

Interaction refers to communication, discussion, and
social exchange among instructors, learning facilitators,
and peers, emphasizing connection-building to enrich

the learning experience.

(Yassine et al., 2022; M.
Wang et al., 2024; Y. Tang &

Hew, 2022)

Learning to
Collaborate (LTC)

Refers to leveraging on- and off-platform tools (e.g.,
social media) to facilitate instructor–learner cooperation
and emotional support, fostering resource sharing and

deep engagement in the learning process.

(Seifert & Bar-Tal, 2023;
Vartiainen et al., 2022;

Erkens & Bodemer, 2019;
Mansour, 2024; Da-Hong

et al., 2020; Nong et al., 2023;
W.-S. Wang et al., 2024)

Content Quality
(CQ)

Content and
Resources (CAR)

Refers to the accuracy and diversity of an online
course’s learning materials and resources, ensuring

they meet learners’ needs and facilitate
knowledge acquisition.

(Wu et al., 2024; B. Liu &
Yuan, 2024; Shen, 2018)

Knowledge Presentation
(KP)

Content coverage and depth denotes the scope and
rigor of course topics, the practicality of case examples,
and the extent to which presentation formats support

real-world applications.

(Mayer, 2017;
P. Tang et al., 2022)

Course Presentation (CP)

Refers to the visual appeal, clarity, and appropriateness
of design of course videos and materials, as well as the
instructor’s on-screen delivery (e.g., verbal expression

and presence).

(Plass et al., 2014; Coman
et al., 2020; Morris et al.,

2019; Quadir & Yang, 2024)

Learning
Outcomes (LO)

Knowledge, Ability and
Interest (KAAI)

Refers to the course’s ability to help students to acquire
new skills or knowledge and stimulate their interest in

the subject.
(Theelen & van Breukelen,

2022; Mei et al., 2023;
Castaneda et al., 2018; Zhu
et al., 2020; Kuo et al., 2023;

Mayer, 2017;
Da-Hong et al., 2020)

Online Learning
Skills (OLS)

Refers to learners’ ability to solve problems, collaborate,
and effectively use the platform’s tools in an online

environment.

Online Learning
Attitude (OLA)

Refers to learners’ confidence in completing online
learning tasks and their recognition of the effectiveness

of online learning.

Teaching Quality
(TQ)

Course Structure and
Organization (CSAO)

Refers to the logical structure, clear objectives, and the
course’s ability to help learners achieve their

learning goals.
(Haagen-Schützenhöfer &
Hopf, 2020; Oliveira et al.,

2021; Theelen & van
Breukelen, 2022;

Jimoyiannis, 2010; Wu et al.,
2024; Mayer, 2017; Morris
et al., 2019; Da-Hong et al.,

2020; Castaneda et al., 2018)

Teaching Means (TM)
Refers to the clarity, organization, and richness of the

explanation, as well as the effectiveness of multimedia
technology used.

Teaching Evaluation (TE)
Refers to the evaluation of teaching organization,

student learning progress, and performance, along with
providing effective feedback support.

Technical Support
(TS)

Assessment Format (AF)

Refers to the platform’s provision of multiple, diverse,
and effective evaluation methods that comprehensively

reflect learning outcomes and promote
knowledge retention. (Yan et al., 2024; Wei et al.,

2021; Howell, 2021; Y. Liu
et al., 2022; Gao & Li, 2024;

Wei et al., 2021)
Functional and Technical

Environment (FATE)

Refers to the interface design, completeness of features,
responsiveness of technical support, and

platform stability.

After-school Support (AS)
Refers to effective services such as tutoring, assignment
feedback, and Q&A, which help students to consolidate

the learned content.
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Table A1. Cont.

First-Level
Indicator Second-Level Indicator Definition References

Learning
Motivation (LM)

Learning Emotional
Experience (LEE)

Refers to students’ emotional responses during the
learning process, including positive emotions
(e.g., accomplishment) and negative emotions

(e.g., frustration).
(C. Wang et al., 2022; Feng
et al., 2024; Coman et al.,
2020; Daniels et al., 2021;

Xiao & Hew, 2024; Zhang
et al., 2024; John et al., 2023)

Learning Motivation
Elicitation (LME)

Refers to the course design’s ability to stimulate
learners’ intrinsic interest and extrinsic motivation

(e.g., points, reward systems).

Sense of Belonging and
Support (SOBAS)

Refers to the emotional connection and support that
learners perceive from the platform, instructors, or

peers during the learning process.

Course Incentive
Mechanism (CIM)

Refers to the platform’s use of mechanisms such as
points and rankings to effectively and engagingly

motivate learner participation.

Table A2. User experience measurement items for online courses.

Index N. 1-Level
Indicator Serial N. Item References

1

IE

IE-1 Online courses allow me to flexibly schedule learning time
and location.

(Hung et al., 2010; Jung
et al., 2019; Mamun et al.,
2020; Yassine et al., 2022;
M. Wang et al., 2024; Y.

Tang & Hew, 2022; Seifert
& Bar-Tal, 2023; Vartiainen

et al., 2022; Erkens &
Bodemer, 2019; Mansour,
2024; Da-Hong et al., 2020;

Nong et al., 2023; W.-S.
Wang et al., 2024)

2 IE-2 Online courses allow me to choose course modules based on goals
or interests.

3 IE-3 I can actively promote understanding and knowledge acquisition
through sharing and discussion.

4 IE-4 Online course learning connects me closely with other learners.

5 IE-5 In online courses, I receive emotional support and
academic assistance.

6 IE-6 I frequently engage in with peers, extending beyond the course.
7 IE-7 Online courses enable me to collaborate with other learners to

complete tasks.
8 IE-8 The online course platform supports diverse interactive features.

9 IE-9 I can join relevant communities and receive after-class tutoring
and Q&A support.

10 IE-10 I can ask questions at any time and receive timely feedback
from instructors.

11 IE-11 The online course platform supports extracurricular learning
resources and discussions.

12

CQ

CQ-1 The online course platform provides diverse
course-related resources.

(Wu et al., 2024; B. Liu &
Yuan, 2024; Shen, 2018;

Mayer, 2017; P. Tang
et al., 2022; Plass et al.,

2014; Coman et al., 2020;
Morris et al., 2019;

Quadir & Yang, 2024)

13 CQ-2 Online course resources are regularly updated.
14 CQ-3 Online courses cover a broad range of topics.
15 CQ-4 Online courses include case studies and experiments.

16 CQ-5 Online course content is presented in formats such as charts,
animations, and videos.

17 CQ-6 The online course materials are well-designed with vibrant colors.

18 CQ-7 The online course highlights key points and maintains an
appropriate level of difficulty.

19 CQ-8 The instructor’s voice is clear, the pace is moderate, and the attire
is appropriate.

20 CQ-9 The online course videos feature live comments and
real-time Q&A.

21

LO

LO-1 I can develop a systematic understanding of the key concepts in
the online course.

(Theelen & van
Breukelen, 2022; Mei

et al., 2023; Castaneda
et al., 2018; Zhu et al.,
2020; Kuo et al., 2023;

Mayer, 2017; Da-Hong
et al., 2020)

22 LO-2 The knowledge gained from the online course is very useful to me.

23 LO-3 I can apply the knowledge from the online course to my studies
and work.

24 LO-4 I can report course issues to the instructor or teaching assistant.
25 LO-5 I can efficiently solve learning issues using the platform’s tools.

26 LO-6 I improve my communication skills through discussions
with learners.

27 LO-7 I can reflect on the problem-solving process to improve
learning efficiency.

28 LO-8 I can confidently complete online learning tasks.
29 LO-9 The format of the online course content motivates my learning.

30 LO-10 The online course convinces me of the efficiency of
online learning.

31 LO-11 Online learning has sparked my interest in exploring more
related content.
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Table A2. Cont.

Index N. 1-Level
Indicator Serial N. Item References

32

TQ

TQ-1 The online course has clear objectives and
well-structured chapters.

(Haagen-Schützenhöfer
& Hopf, 2020; Oliveira
et al., 2021; Theelen &
van Breukelen, 2022;

Jimoyiannis, 2010; Wu
et al., 2024; Mayer, 2017;

Morris et al., 2019;
Da-Hong et al., 2020;

Castaneda et al., 2018)

33 TQ-2 The online course content is logical, with clear modules and
appropriately arranged tasks.

34 TQ-3 The online course process is simple and clear, allowing me to get
started quickly.

35 TQ-4 The online course explanations are accompanied by case studies.

36 TQ-5 The online course employs diverse teaching strategies and
multimedia technology.

37 TQ-6 The online course instructor is experienced and highly skilled.

38 TQ-7 The online course instructor adjusts the course based on
learners’ progress.

39 TQ-8 The online course has a comprehensive assessment system for
students’ learning.

40 TQ-9 The online course team regularly evaluates the course’s suitability.

41

TS

TS-1 The online course platform tracks and provides feedback on my
learning progress.

(Yan et al., 2024; Wei
et al., 2021; Howell, 2021;
Y. Liu et al., 2022; Gao &
Li, 2024; Wei et al., 2021)

42 TS-2 The online course uses diverse assessment methods to showcase
my learning outcomes.

43 TS-3 The online course assessments accurately reflect my
learning progress.

44 TS-4 The online course assessments help me reinforce my knowledge.
45 TS-5 The online course platform is easily accessible with a clear layout.

46 TS-6 The online course platform supports multiple devices and
resolves issues promptly.

47 TS-7 The online course platform’s reminder service helps me track
learning progress and important tasks.

48 TS-8 The assignments and exams in online courses help consolidate
my knowledge.

49 TS-9 The feedback from online course instructors and the platform’s
Q&A support help improve my learning.

50 TS-10 The online course provides toolkits and answers.

51

LM

LM-1 Completing online courses gives me a sense of accomplishment.

(C. Wang et al., 2022;
Feng et al., 2024; Coman
et al., 2020; Daniels et al.,
2021; Xiao & Hew, 2024;
Zhang et al., 2024; John

et al., 2023)

52 LM-2 Learning the content of online courses brings me pleasure.

53 LM-3 When facing difficulties, the online course platform provides
supportive feedback.

54 LM-4 Inability to complete online course tasks makes me feel frustrated.

55 LM-5 The task design in online courses motivates me to achieve
the goals.

56 LM-6 The task design in online courses motivates me to achieve
the goals.

57 LM-7 Completing online course learning rewards me with learning
points, badges, or other incentives.

58 LM-8 I feel part of the learning community when participating in
online courses.

59 LM-9 The platform’s learning reminders, encouraging messages, and
interactive design make me feel acknowledged.

60 LM-10 During the learning process, I feel a sense of accomplishment due
to the collective effort of the group.

61 LM-11 The course reward system is fair and reasonable, motivating me to
actively engage in learning.

62 LM-12 The certificates or skill badges earned upon task completion
motivate me to study actively.

63 LM-13 Group tasks or competition activities on the online course
platform motivate me to engage actively in learning.

64 LM-14 The engaging reward system motivates me to study actively.

Table A3. Measurement items for ASU of online course users.

Index Number Indicator Serial Number Item References

1

Perceived
Usefulness (PU)

PU1 Using online courses for learning has improved my
academic performance.

(Wong et al., 2024;
Al-Adwan et al., 2024; W.

Liu et al., 2020;
AL-Nuaimi et al., 2022;

Tawafak et al., 2020)

2 PU2 Online course learning makes it easier for me to
complete learning tasks.

3 PU3 Using online courses has enhanced my
learning efficiency.

4 PU4 Online course learning makes it easier for me to
master knowledge.

5 PU5 Overall, online courses are very helpful to
my learning.
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Table A3. Cont.

Index Number Indicator Serial Number Item References

6

Perceived Ease
of Use (PEOU)

PEOU1 I find the online course system easy to operate
and user-friendly.

(Wong et al., 2024;
Al-Adwan et al., 2024; W.

Liu et al., 2020;
AL-Nuaimi et al., 2022;

Tawafak et al., 2020)

7 PEOU2 I can quickly access the online course resources
I need.

8 PEOU3 My interaction with the online course system is
intuitive and straightforward.

9 PEOU4 I find the online course system’s features highly
user-friendly.

10 PEOU5 Overall, I find learning to use the online course
system effortless.

11

User Experience
(UE)

UE1 I believe online courses are an effective
learning mode. (Al-Fraihat et al., 2020; B.

Wu & Wang, 2022; Martin
et al., 2020; Zuo et al., 2022;

Lazim & Ismail, 2021;
Al-Adwan, 2020; Rautela

et al., 2024)

12 UE2 I maintain a positive attitude towards learning
through online courses.

13 UE3 Online courses can meet all my learning needs.
14 UE4 Learning through online courses brings me joy.
15 UE5 Overall, online courses make the learning process

more engaging.

16

Actual System
Use (ASU)

ASU1 I actively engage in learning through
online courses.

(Wong et al., 2024;
Al-Adwan et al., 2024; W.

Liu et al., 2020;
AL-Nuaimi et al., 2022;

Tawafak et al., 2020)

17 ASU2 I will continue using online courses to meet my
learning needs.

18 ASU3 I am willing to recommend online courses to others
for learning support.

19 ASU4 I am willing to prioritize online courses as my
preferred learning method.

20 ASU5 Overall, I have incorporated online courses into my
daily learning routine.

Table A4. Grouping of factors in each dimension in EFA results.

2-Level Indicator Item
Factor

1 2 3 4 5 6 7 8 9 10 11 12 13

DOLF IE1 0.84
IE2 0.659

LC

IE3 0.825
IE4 0.809
IE5 0.82
IE6 0.853
IE7 0.69

LTC
IE8 0.789
IE9 0.712

IE10 0.673

CAR CQ1 0.517
CQ2 0.639

KP

CQ4 0.875
CQ5 0.848
CQ7 0.751
CQ9 0.802

KAAI
LO2 0.881
LO3 0.599

LO10 0.73

OLS
LO4 0.811
LO5 0.79
LO6 0.768

TE

TQ2 0.695
TQ3 0.832
TQ4 0.776
TQ5 0.651

CSAO

TQ7 0.86
TQ8 0.595
TS3 0.725
TS4 0.751

TS

TS5 0.783
TS7 0.831
TS8 0.796
TS9 0.764

TS10 0.824

LME
LM3 0.805
LM6 0.624
LM7 0.559

SOBAS
LM8 0.724
LM9 0.692
LM10 0.742
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Table A4. Cont.

2-Level Indicator Item
Factor

1 2 3 4 5 6 7 8 9 10 11 12 13

CIM

LM11 0.737
LM12 0.888
LM13 0.805
LM14 0.713

Extraction method: principal component analysis; Rotation method: Caesar normalized maximum variance
method; A-rotation converged after eight iterations.

Table A5. Convergent validity and combined reliability results for each dimension.

Path Estimate S.E. p AVE C.R.

DOLF← IE 0.664
0.521 0.7642LC← IE 0.802 0.161 ***

LTC← IE 0.692 0.131 ***

CAR← CQ 0.668 0.5701 0.7238KP← CQ 0.833 0.186 ***

KAAI← LO 0.719 0.6257 0.7684OLS← LO 0.857 0.138 ***

TE← TQ 0.794 0.103 *** 0.6163 0.7626CSAO← TQ 0.776

LME← LM 0.824
0.6109 0.8245SOBAS← LM 0.731 0.091 ***

CIM← LM 0.787 0.094 ***

IE1← DOLF 0.746 0.6235 0.7676IE2← DOLF 0.831 0.101 ***

IE4← LC 0.793 0.046 ***
0.6488 0.8471IE5← LC 0.797 0.045 ***

IE6← LC 0.826 0.047 ***

IE8← LTC 0.76
0.779 0.8173IE9← LTC 0.782 0.07 ***

IE10← LTC 0.779 0.07 ***

LM7← LME 0.776
0.605 0.8212LM6← LME 0.798 0.059 ***

LM3← LME 0.759 0.062 ***

TS4← CSAO 0.85

0.645 0.645TS3← CSAO 0.776 0.048 ***
TQ8← CSAO 0.773 0.049 ***
TQ7← CSAO 0.811 0.048 ***

TQ5← TE 0.799

0.768 0.8628TQ4← TE 0.79 0.052 ***
TQ3← TE 0.77 0.055 ***
TQ2← TE 0.768 0.055 ***

LO4← OLS 0.789
0.78 0.8268LO5← OLS 0.782 0.064 ***

LO6← OLS 0.78 0.064 ***

LO2← KAAI 0.771
0.6175 0.8288LO3← KAAI 0.807 0.068 ***

LO10← KAAI 0.779 0.067 ***

CQ4← KP 0.872

0.6397 0.6397CQ5← KP 0.78 0.047 ***
CQ7← KP 0.735 0.048 ***
CQ9← KP 0.806 0.046 ***

CQ1← CAR 0.789 0.6785 0.8082CQ2← CAR 0.857 0.091 ***
TS8← TS 0.781

0.6167 0.8892
TS7← TS 0.768 0.057 ***
TS5← TS 0.783 0.058 ***
TS9← TS 0.852 0.058 ***

TS10← TS 0.738 0.057 ***

LM8← SOBAS 0.836
0.631 0.8365LM9← SOBAS 0.805 0.054 ***

LM10← SOBAS 0.739 0.053 ***

LM11← CIM 0.808

0.821 0.8784LM12← CIM 0.76 0.052 ***
LM13← CIM 0.819 0.054 ***
LM14← CIM 0.821 0.054 ***

IE3← LC 0.856 0.833 0.8326IE7← LC 0.833 0.046 ***
*** p < 0.001.
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Table A6. Normality test results and descriptive statistics for each dimension.

Dimension Item Mean Std. Deviation Skewness Kurtosis Mean Std. Deviation

IE

IE1 5.26 1.568 −1.239 0.915

5.0659 1.06652

IE2 5.21 1.53 −1.155 0.955
IE3 4.93 1.481 −0.897 0.531
IE4 5.02 1.516 −0.914 0.428
IE5 5.04 1.475 −1.046 0.809
IE6 4.94 1.568 −0.748 0.044
IE7 5.12 1.532 −1.068 0.687
IE8 5.03 1.506 −1.038 0.684
IE9 5.06 1.526 −0.967 0.467

IE10 5.06 1.531 −1.005 0.518

CQ

CQ1 4.9 1.657 −0.854 −0.178

4.8563 1.23041

CQ2 4.88 1.635 −0.751 −0.199
CQ4 4.84 1.581 −0.786 −0.097
CQ5 4.92 1.639 −0.835 −0.153
CQ7 4.82 1.595 −0.762 −0.21
CQ9 4.77 1.6 −0.709 −0.282

LO

LO2 4.89 1.565 −0.832 0.041

4.9449 1.17445

LO3 4.86 1.6 −0.706 −0.222
LO4 4.97 1.622 −0.784 −0.142
LO5 5.03 1.507 −0.964 0.542
LO6 4.81 1.568 −0.721 −0.1

LO10 5.11 1.54 −0.97 0.491

TQ

TQ2 4.91 1.558 −0.885 0.082

4.9096 1.20805

TQ3 4.9 1.598 −0.756 −0.125
TQ4 5.19 1.507 −1.115 0.886
TQ5 5 1.64 −0.821 −0.101
TQ7 4.74 1.618 −0.609 −0.388
TQ8 4.71 1.615 −0.622 −0.42

TS

TS3 4.72 1.583 −0.615 −0.366

4.8893 1.1418

TS4 4.74 1.603 −0.604 −0.431
TS5 5.04 1.597 −0.875 0.041
TS7 4.98 1.568 −0.895 0.099
TS8 4.97 1.588 −0.81 −0.015
TS9 4.86 1.622 −0.662 −0.328

TS10 4.91 1.568 −0.834 −0.001

LM

LM3 4.74 1.597 −0.725 −0.246

4.9105 1.12738

LM6 5.11 1.497 −0.937 0.633
LM7 4.88 1.62 −0.694 −0.34
LM8 4.71 1.624 −0.559 −0.512
LM9 4.66 1.619 −0.51 −0.533
LM10 5.17 1.571 −1.021 0.503
LM11 4.88 1.6 −0.775 −0.164
LM12 5.21 1.552 −1.079 0.693
LM13 4.82 1.62 −0.703 −0.29
LM14 4.91 1.597 −0.81 −0.107

PU

PU1 5.17 1.553 −1.056 0.654

5.2073 1.29305PU2 5.2 1.542 −1.18 0.898
PU4 5.15 1.51 −1.123 0.887
PU5 5.32 1.582 −1.283 1.032

PEOU

PEOU1 5.22 1.553 −1.13 0.825

5.1067 1.2584PEOU3 5.15 1.505 −1.186 1.039
PEOU4 5.08 1.492 −1.13 0.813
PEOU5 4.98 1.514 −0.983 0.588

UE

UE1 4.77 1.797 −0.738 −0.498

4.6893 1.42214UE2 4.74 1.751 −0.78 −0.451
UE3 4.6 1.69 −0.683 −0.449
UE5 4.65 1.688 −0.77 −0.349

ASU

ASU1 4.89 1.667 −0.945 0.022

4.8747 1.38583ASU3 4.82 1.633 −0.903 0.042
ASU4 4.78 1.595 −0.946 0.111
ASU5 5 1.671 −1.023 0.158
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