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Abstract: A smart learning environment, featuring personalization, real-time feedback, and intelli-
gent interaction, provides the primary conditions for actively participating in online education. 
Identifying the factors that influence active online learning in a smart learning environment is criti-
cal for proposing targeted improvement strategies and enhancing their active online learning effec-
tiveness. This study constructs the research framework of active online learning with theories of 
learning satisfaction, the Technology Acceptance Model (TAM), and a smart learning environment. 
We hypothesize that the following factors will influence active online learning: Typical characteris-
tics of a smart learning environment, perceived usefulness and ease of use, social isolation, learning 
expectations, and complaints. A total of 528 valid questionnaires were collected through online plat-
forms. The partial least squares structural equation modeling (PLS-SEM) analysis using SmartPLS 
3 found that: (1) The personalization, intelligent interaction, and real-time feedback of the smart 
learning environment all have a positive impact on active online learning; (2) the perceived ease of 
use and perceived usefulness in the technology acceptance model (TAM) positively affect active 
online learning; (3) innovatively discovered some new variables that affect active online learning: 
Learning expectations positively impact active online learning, while learning complaints and social 
isolation negatively affect active online learning. Based on the results, this study proposes the online 
smart teaching model and discusses how to promote active online learning in a smart environment.  

Keywords: active online learning; smart learning environment; technology acceptance model; social 
isolation; PLS-SEM 
 

1. Introduction 
Online studying has become an important field of educational research due to the 

COVID-19 pandemic. The current research on e-learning considers the following issues: 
Lack of an effective online learning atmosphere [1], insufficient interactivity in virtual 
classrooms [2], non-diversified teaching method [3], lack of online course resources [4]. 
The problems accused as listed above are more likely to affect online teaching and learn-
ing effectiveness and quality seriously. Studies now are mainly focus on constraints of 
online learning, such as satisfaction [5–8], attitude [9], adoption [10,11], acceptance [12–
16], sustained use [17–20], motivation [21,22], use behavior [23–29], and knowledge shar-
ing [30]. 

Online learning success heavily depends on many conditions, including the learning 
environment, teaching methods, educational resources, and learning expectations. The 
application of new technologies, such as artificial intelligence, big data, and cloud com-
puting, has promoted the rapid development of smart learning environments, which pro-
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vide more competent learning conditions for online learning. A smart learning environ-
ment is a place or space that identifies student characteristics to help them use the most 
appropriate tools and resources by utilizing data recording and automated assessment of 
the entire process to promote student learning effectively [31]. Mobile smart terminals, 
digital learning materials, and intelligent educational environments improve learners' ac-
ademic performance and learning outcomes [32]. Creating a smart learning environment 
based on the most advanced technologies offers more support to meet students' particular 
needs [33], increases students' learning satisfaction, and develops their educational 
achievements [34]. The intelligent features of physical sensing, personalized recommen-
dations, and other relevant factors provide high-quality support on e-learning platforms 
[35]. Human-computer interaction in a virtual educational setting helps learners experi-
ence excellent teaching and learning approaches ever since the innovation of digital tech-
nologies in the 21st century [36]. Intelligent interaction is an important dimension that af-
fects the quality of online courses and is closely related to learner satisfaction and learning 
efficiency [37]. Thus, a smart learning environment is essential to help develop online 
learning expertise and reach outstanding school achievements. However, research rarely 
focuses on intelligent learning environment in such a digital era. 

Student active participation in their remote learning is one of the most important 
factors influencing their academic achievements. This study focuses on "active online 
learning" and emphasizes student learning initiatives in distance education. The "infor-
mality" of online learning makes students easily distracted and unable to immerse entirely 
in virtual classrooms. Free styled homeschooling during COVID-19, whether learners 
learn actively without supervision, is a core factor in evaluating whether teaching strate-
gies successfully achieve the instructional objectives [38]. Deepening the knowledge of 
active online learning behaviors in a smart learning environment helps understand the 
underlying mechanisms of active online learning. 

Active online learning motivates students to gain higher educational attainments ra-
ther than traditional pedagogies; therefore, it is of great significance to identify the influ-
encing factors of active online learning in the smart learning environment to promote the 
quality of e-learning. 

2. Research Framework and Hypothesis 
2.1. Research Framework 

According to the Theory of Rational Behavior, Davis et al. [39] built the Technology 
Acceptance Model (TAM), which indicates several external factors influence users' usage 
behaviors and attitudes. TAM is also commonly used to predict individual attitudes and 
behaviors. Many scholars have conducted studies related to online learning, telecommut-
ing, social media, and mobile software based on this theory [8,40]. There is a strong corre-
lation between users' attitudes and behavioral intentions [20,23]. The Technology Ac-
ceptance Model focuses on the antecedent influences on user behavior, including the 
thinking process of an individual (i.e., attitudes and willingness), and the perceived use-
fulness, ease of use, and extrinsic factors before adopting the behavior. The Technology 
Acceptance Model has been iterated and updated in several versions and remains the 
most popular research theory in online learning research [41], and has been widely used 
by most investigators in this area [29,42,43]. According to the Technology Acceptance 
Model, this study investigates further factors influencing college students' active online 
learning in a smart learning environment. 

Numerous studies have mentioned the help of personalization, intelligent interaction, 
and timely feedback in smart learning environments approach the quality improvement 
of learning [37,44–46], and found that perceived ease of use and perceived usefulness are 
essential influences on learning satisfaction [27,43,47,48], proving the impact of social iso-
lation on online learning [49–51]. However, few studies have integrated the effects of the 
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wisdom learning environment, perceptions of the learning environment, and social isola-
tion on active learning online. 

Figure 1 shows the research framework presented in this study. The study will in-
vestigate the new scenario on the topic of active online learning by observing the follow-
ing factors that are characteristics of the smart learning environment, perceived usefulness 
and ease of use, sense of social isolation, learning expectations and complaints that oc-
curred in the scenario, and exploring any changes among all factors after adding the new 
variables. Based on previous research, this study refines and aims to identify the influenc-
ing factors of active online learning and verify the relationship among these influencing 
factors to help teachers and students advance active online learning behaviors. Then, this 
study will study the hypothesis of relevant influencing factors and control following the 
model demonstrated in the paper. 

 
Figure 1. Research framework. 

2.2. Hypothesis 
2.2.1. Smart Learning Environmental Characteristics 

Typical features of smart learning environments are personalization, real-time feed-
back, and intelligent interaction. Personalized learning recommends learning styles and 
resources tailored to the learners' preferences depending on their backgrounds and learn-
ing styles [45,46]. Lee [35] found that personalized content and instructional methods had 
improved student learning satisfaction and outcomes. Real-time feedback provides learn-
ers prompt responses from the system when participating in active online learning activ-
ities [44]. With plenty of digital resources, learning initiative is undertaken to make dis-
tance education accessible anytime and anywhere and receive feedback shortly; adaptive 
learning environments with personalized recommendations introduce learners to a better 
education experience [32]. Especially in online teaching and learning, prompt feedback 
would significantly enhance the interaction sense of cyber education [52]. The new tech-
nologies bring a more human experience of real-time feedback to students. At the same 
time, data collection and analysis also helps to recommend the most suitable personalized 
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learning plan for students [44]. Kubilinskienė and Kurilov [46] developed Resource De-
scription Framework models in accordance with intelligent semantic analysis technology 
to obtain the learners' current learning activities and automatically analyze its findings, 
and finally contribute valuable practical suggestions to meliorate the learning efficiency 
and quality, thereby allowing personalized learning to meet the desired instructional 
goals and objectives. Sungkur [37] found that a personalized learning environment based 
on artificial neural networks and backpropagation algorithms can provide learners with 
appropriate feedback and recommendations to meet their specific learning needs. Wu et 
al. [43] conclude that a sound interaction and learning environment can raise learners' 
satisfaction with blended digital learning. In a virtual learning environment, interaction 
is also a key factor affecting the effectiveness of teaching and learning [33], and adequate 
interaction can improve the overall satisfaction of the learning process [53]. Regards as the 
above analysis, the hypotheses presented in this study are: 
H1: There is a positive effect of personalization on active online learning. 
H2: There is a positive effect of immediate feedback on active online learning. 
H3: There is a positive effect of intelligent interaction on active online learning. 

2.2.2. Perceived Usefulness and Perceived Ease of Use 
According to the Theory of Technology Acceptance Model, perceived usefulness and 

ease of use are critical factors affecting user behaviors [39]. These two factors will affect 
users' attitudes and behavior intention. Additionally, the perceived usefulness positively 
affects the behavior attitudes, and the perceived usefulness and behavior attitude will 
positively influence the behavior intention [19,54,55]. When users occasionally find that a 
specific behavior will increase their rate of return under a similar period or reduce the 
time spent achieving academic success, they will continue such behavior [23]. Individuals' 
behavioral intentions depend on variables specific to perceived usefulness and are con-
sidered the fundamental determinants of users' behavioral preferences [28], and perceived 
usefulness influences behavioral intentions through attitudes [23]. Teo and Van Schaik [11] 
found that teachers in Singapore perceived usefulness positively and directly affected pre-
service teachers' behavioral intentions. Moreover, teachers were inclined to act if they per-
ceived it to be more efficient and meaningful [56]. In virtual learning environments, per-
ceived usefulness has a significant impact on attitudes [12,57]. An enormous number of 
open online educational resources, smart learning environments, and learning styles 
breaking the barriers of time and space maximize the probability that college students will 
perform active learning behaviors in virtual classrooms [58]. Sun et al. [47] demonstrated 
that perceived ease of use and perceived usefulness are indicative variables of learning 
satisfaction; Mohammadi [27] combined the TAM and the Information System Success 
Model to investigate e-learning and found that perceived ease of use affects learners' will-
ingness to learn through perceived usefulness and learning behaviors. The stability of the 
system and human-computer interaction all affect college students' reading behavior [59]. 
Based on the above analysis, the hypotheses formulated in this study are: 
H4: There is a positive effect of perceived ease of use on active online learning. 
H5: There is a positive effect of perceived usefulness on active online learning. 

2.2.3. Social Isolation 
Social isolation (SI) refers to feelings of isolation and loneliness that arise when learn-

ers undertake online learning [60]. A good sense of social presence can significantly im-
prove teaching effectiveness in online education [61,62], while isolation may weaken col-
lege students' study motivation and willingness in their homeschooling. Students suffer 
from isolation and loneliness in an online learning environment, due to physical isolation 
from their teachers and classmates [63]. Mutually isolated remote education reduces the 
fundamental needs of the community, such as teacher-student and peer-communication 
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[64], but increases the risk of socially isolated loneliness [60,65]. Minimizing social isola-
tion and participating in interactive communication and discussion can help students pro-
mote cheerful willingness to learn and ultimately boost online learning satisfaction [49]. 
Reducing isolation is beneficial in promoting active learning behaviors [50] because stu-
dents who keep away from teachers, schools, friends, and their classmates often experi-
ence the risk of mental health issues and illness in virtual classrooms [66], which discour-
ages active learning behaviors. It is also tricky for learners to complete tasks under self-
directed learning conditions with a sense of isolation and a lack of assistance [67]. Then a 
homogeneous group collaboration approach can reduce the negative emotions and 
stresses caused by isolation generated from distance education [68], and improve the par-
ticipants' digital learning experience. Derakhshandeh and Esmaeili [69] argued that some 
students might feel isolated and socially isolated in online education because of a lack of 
interaction between teachers and other students. Based on the above analysis, the hypoth-
eses in this study are: 
H6: There is a negative effect of social isolation on active online learning. 

2.2.4. Learning Expectations 
Learning expectations are those learners desire to gain from active online learning 

[70,71]. Social influence, performance expectations, and effort expectations are critical fac-
tors influencing dynamic behavior in blended learning [72]. The online learning satisfac-
tion of learners is often composed of their expectations and perceived usefulness [70]. Sun 
et al. [47] clarified that online courses' quality also affects students' learning satisfaction. 
The combined effect of an efficient system and high-quality information will considerably 
improve students' e-learning satisfaction [27]. Xu et al. [71] found that learners' learning 
satisfaction was influenced by teaching methods, information technology, and overall 
learning outcomes, as well as the assessment of expectations aggregated across these var-
iables. Learners' expectations are also one of the great factors influencing their learning 
satisfaction. Based on the above analysis, the hypothesis of this study is: 
H7: Students' learning expectations have positive correlation relationships with active 
online learning. 

2.2.5. Complaints 
For the first time, Fornell et al. [73] added customer complaints to the customer sat-

isfaction model. At the same time, the investigators also proved that customer complaints 
affect customer satisfaction and loyalty. In the online learning environment, learning com-
plaints refer to students complaining about any unsatisfied issues in their digital learning 
[74–77]. The lack of learner-centered communication in online learning cannot motivate 
learners and even makes them complain that the course is boring; technical difficulties 
can also generate student complaints and discourage students from engaging in online 
education [78]. Students are satisfied with online learning when they have access to suffi-
cient instructional materials, but low internet speed [79] or additional cost paid for fast 
and reliable internet plans are also sources of complaints [80]. Students need to have a 
stable network signal, an adequate budget for network traffic, and device power to con-
duct online learning [81], minimizing complaints, due to technical disruptions. Previous 
studies have found that overly complex software installation and tedious operation pro-
cesses [72], slow processing of online learning systems, low-speed networks [82], and ex-
cessively long learning videos can lead to boring learning and less digestible knowledge 
[60]. All the issues caused can lead to learning complaints, which can affect active learning 
behavior. Based on the above analysis, the hypotheses in this study are: 
H8: There is a negative effect of learning complaints on active online learning. 
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2.2.6. Control Variables 
Wang and Shannon [5] believe that gender and age will influence students' views on 

the usage of online learning. They argue that male students may be more active and com-
petent in using online learning tools [6]. Whereas, Garrison [83] believes that females in 
an online learning environment are more conducive to achieve better learning outcomes. 
Learners of different age levels are also distinguished in using online learning tools, which 
may cause various learning behaviors [30]. Based on the above analysis, the hypothesis of 
this study is: 
H9a: Gender will lead to different active online learning behaviors. 
H9b: Age will lead to different active online learning behaviors. 
H9c: Educational backgrounds will lead to different active online learning behaviors. 

3. Method 
Based on the review and summary of existing research, this study considers the in-

fluencing factors that drive college students' active online learning, establishes a research 
framework for active online learning, and puts forward the hypothesis. This research will 
use quantitative methods to test the research hypotheses [33,51,72,84,85]. The latent vari-
ables of related observations cannot be directly observed to obtain corresponding data, so 
using scale measurement can help this study obtain data to test the hypothesis 
[33,49,51,75,77,84,85,86,87,88].  

3.1. Questionnaire Design 
The study model includes a total of nine latent variables, and all measure items were 

derived or contextually adapted from existing literature to ensure content validity 
[84,89,90]. Compared with the 7-level Likert scale, it is convenient for respondents to 
choose 5-level scales quickly and are widely used to make scale measurements 
[10,14,57,72,74,77]. Each latent variable was measured by three to five items on a 5-point 
Likert scale, ranging from 1 to 5 on a scale of strongly disagree to agree strongly. Table 1 
shows scales and references. 

Table 1. Survey instrument. 

Latent  
Variable Measurement Items References 

Perceived Use-
fulness 

1. Active online learning can improve my learning effi-
ciency 

2. Active online learning can improve my learning per-
formance 

3. Active online learning can help me accomplish my 
learning goals 

4. Active online learning is effective 

Davis [39] 
DeLone and McLean [91] 

Xu and Du [84] 

Perceived Ease 
of Use 

1. Active online learning is easy to carry out 
2. Active online learning is easy for me 
3. Active online learning is convenient 

Davis [39] 
DeLone and McLean [91] 

Xu and Du [84] 

Personaliza-
tion 

1. The personalized learning content recommended for 
me is what I am interested in 

2. The personalized learning content recommended for 
me is in line with my hobby 

3. The personalized learning content recommended for 
me is what I like to learn 

4. The personalized learning content recommended for 
me is based on my needs 

5. The personalized learning content recommended for 
me is pushed for my situation 

Baek and Morimoto [86] 
Zhu [87] 

Zhang [59] 
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Real-time 
Feedback 

1. The link speed and running speed of active online 
learning systems are faster 

2. Active online learning human machine is very 
smooth 

3. Active online learning system can quickly respond 
to my needs 

4. Active online learning system can feedback the con-
tent I need in time 

Zhu [87] 
Zhang [59] 

DeLone and McLean [91] 

Social  
Isolation 

1. Online learning reduces the opportunities for com-
munication between students 

2. Online learning reduces the opportunity for commu-
nication between students and teachers 

3. Online learning reduces the discussion between stu-
dents and students and teachers 

4. Online learning gives me a sense of isolation 
5. Online learning has made me feel lonely 

Garrison et al. [83] 
Leong [49] 

Wang and Huang [51] 

Smart  
Interaction 

1. The system will give me feedback on how to pro-
ceed when I am actively learning online 

2. I think the online learning system is sensitive to my 
needs 

3. I have a high level of interaction with the online 
learning system 

4. There is much interaction between me and the 
online learning system 

Hew et al. [36] 
Chen et al. [88] 

Learning  
Expectations 

1. The experience of active online learning is better 
than I expected  

2. The service of active online learning is better than I 
expected 

3. The effect of active online learning is better than I 
expected 

4. In short, the results of active online learning are bet-
ter than I expected 

Bhattacherjee [85] 
Hossain and Quaddus [92] 

Tang and Chiang [93] 
Prasad et al. [72] 

Complain 

1. If online learning is not satisfactory, I will have the 
idea of complaining  

2. If online learning is not satisfactory, I will complain 
to my classmates  

3. If online learning is not satisfactory, I will complain 
to the teacher 

4. If online learning is not satisfactory, I will post a 
comment through the network 

5. If online learning is not satisfactory, I will complain 
to the operator 

Peng et al. [75] 
Hu et al. [74] 
Li et al. [77] 

Online  
Active 

Learning 

1. I actively participate in the discussion of online 
learning 

2. I actively summarize the knowledge learned after 
class 

3. I am pleased to practice the knowledge learned 
online 

4. I conduct active online learning frequently 
5. I often visit the active online learning system 

Bhattacherjee [85] 
Wang and Huang [51] 

3.2. Data Collection 
After completing the preliminary design of the questionnaire, we used "Question-

naire Star" to publish the online questionnaire inviting 33 college students to conduct a 
pre-survey of the questionnaire through a WeChat group. We collected feedback on the 
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questionnaire filling in the pre-survey process, and then carefully modified the prelimi-
nary questionnaire in response to the feedback suggestions from the pre-survey to ensure 
that the questionnaire could be filled accurately by the college students in the formal sur-
vey. The formal questionnaire mainly focused on the introduction, user personal infor-
mation, and measurement scale. The introduction clarifies the purpose of the research, 
data usage, and privacy protection; the user personal information section in terms of gen-
der, age, and educational backgrounds; the measurement scale contains 39 items. 

Four universities in China were selected to conduct the survey, and a cluster sam-
pling method is used to select students in the administrative class for the survey. The four 
universities have implemented online teaching since 2020 that all students have mastered 
the online learning skills to participate in the courses. Active participation in online learn-
ing will be rewarded with higher academic results to encourage students to develop 
online active learning habits [1,2,51]. 

The questionnaires were distributed by university teachers to students' class WeChat 
groups or displayed on course lecture slides during class time to invite the students to 
participate in the survey. The invited college students voluntarily chose whether to par-
ticipate in the survey or not. The online questionnaire was released from May 12, 2021, to 
June 12, 2021, and 528 valid questionnaires were collected in total. Table 2 shows the basic 
information of the sample and the basic situation of online learning. 

Table 2. Demographics. 

Information Title Item Quantity Percentage 

Gender Male 241 45.6% 
Female 287 54.4% 

Age 

≤ 17 14 2.7% 
18–20 248 47.0% 
21–23 132 25.0% 
24–26 110 20.8% 
≥ 27 24 4.5% 

Educational back-
ground 

Vocational student 155 29.4% 
Undergraduate student 245 46.4% 
Postgraduate student 100 18.9% 

Doctoral student 28 5.3% 

4. Data Analysis and Results 
The structural equation model (SEM) could be used to test the relationship between 

multiple latent variables, and at the same time, can reduce the estimation error as much 
as possible [5,20,29,85,86,88]. Partial least squares structural equation modeling (PLS-SEM) 
is more appropriate for this study than multiple regression analysis and covariance-based 
structural equation modeling (CB-SEM). Researchers are recommended to use PLS-SEM: 
When the study is exploratory in terms of theory development, multi-theoretical mixed 
models, testing of theoretical frameworks from a predictive perspective, testing of com-
plex relationships with multiple variables, when the number of variables is large, when 
there is a lack of normal distribution, and when the sample size is small [36,90,94,95]. The 
previous studies have not explored the factors influencing active online learning behavior 
in a smart learning environment, and this study is an exploratory study that attempts to 
develop and empirically test a predictive and explanatory model of active online learning 
behavior in a smart learning environment [14,96]; this study contains a test of the theoret-
ical framework proposed in this study from a predictive perspective to provide a future 
prediction of the active online learning behavior [13,51]; the framework of this study is a 
multi-theoretical mixed model based on a technology acceptance model, a learning satis-
faction model and a smart learning environment [95]; the model proposed in this study 
contains eight independent variables, one dependent variable and three control variables, 
which is a complex model with a high number of variables [8,13]. For these reasons and 
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analyses, PLS-SEM is the statistical analysis method applicable to this study. Therefore, 
this study will choose the widely used SmartPLS 3 to test the hypotheses proposed in this 
study [90,94,95,97].  

4.1. Non-response Bias 
If there is a non-response bias in the data of this study, it will have a substantial im-

pact on the conclusion of this study [98]. To test whether the data of this study have non-
response bias, this study examined whether there is a significant difference between the 
previous data and the later data [99]. First, all samples are sorted in the order of response 
time. The top 25% of the data samples and the bottom 25% were tested using SPSS 25. The 
analysis results showed no significant differences in gender, age, and education (p > 0.05). 
Therefore, it is reasonable to believe that non-response bias will not significantly impact 
the results of this study [100]. 

4.2. Common Method Variation 
The sample data in this study were all obtained from the distribution and collection 

of online questionnaires, which has the possibility of common method variation [101]. 
Therefore, this study used both procedural control and statistical to reduce the effect of 
standard method variation on the study results [102]. Statistical test was analyzed using 
the Harman one-way test [103]. The Harman one-way test using principal component 
analysis in SPSS 25 software yielded a maximum factor variance explained of 23.579%, 
which did not exceed 40%, indicating that no single factor explained most of the variance 
[101]. It is believed that standard method variance does not significantly affect the results 
of this study [103]. 

4.3. Measurement Model Assessment 
The validity and reliability of the model were tested by examining content validity, 

discriminant validity, and convergent validity [90]. The current questionnaire items were 
derived or adapted from previous research findings, and pre-research tests have been 
conducted. Thus, it is reasonable to assume that they have good content validity [84,90,98]. 
The measurement model's Average Variance Extracted (AVE) values are shown in Table 
3, and good convergent validity is indicated when the AVE value is not less than 0.5 
[90,94]. From Table 4, the square root of the AVE of the measurement model is greater 
than the correlation coefficient between the latent variable and other latent variables; then, 
it indicates good discriminant validity [90,94]. Table 5, Combined reliability (CR) and 
Cronbach's Alpha values are more significant than 0.7, then the reliability of the measure-
ment model is good [90,94]. Analyzing the above tests' results has proved that the ques-
tionnaire has sufficient reliability and sound validity [5,24,27]. 

Table 3. AVE, CR, and Cronbach's Alpha. 

Latent Variable ID Items Cronbach's Alpha CR AVE 
Complain CO 5 0.857 0.897 0.636 
Learning 

Expectations LE 4 0.817 0.879 0.644 

Active Online 
Learning AOL 5 0.836 0.884 0.603 

Personalization PER 4 0.835 0.889 0.668 
Perceived 

Ease of Use 
PEU 3 0.833 0.900 0.749 

Perceived 
Usefulness PU 4 0.856 0.902 0.698 

Real-time Feedback RF 4 0.851 0.899 0.691 
Intelligent Interaction II 4 0.845 0.896 0.682 

Social Isolation SOI 5 0.888 0.918 0.690 
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Table 4. Fornell-Larcker Discriminant Validity. 

  PER AOL CO LE RF PEU PU II SOI 
PER 0.817         
AOL 0.379 0.777        
CO 0.020 −0.260 0.798       
LE 0.296 0.340 0.081 0.803      
RF 0.265 0.349 0.053 0.239 0.831     

PEU 0.253 0.335 0.112 0.253 0.294 0.866    
PU 0.240 0.339 0.020 0.206 0.186 0.218 0.836   
II 0.237 0.398 0.061 0.275 0.297 0.297 0.257 0.826  

SOI −0.175 −0.228 −0.018 −0.163 −0.144 −0.156 −0.110 −0.154 0.831 
Note: The values bolded on the diagonal are the square root of AVE. 

The discriminant validity of the model can also be tested by checking the value of 
cross-loadings [8]. Table 5 shows that the factor loadings between each measured variable 
and its latent variable are more significant than the cross-factor loadings between other 
latent variables, indicating that the measurement model possesses good discriminant va-
lidity [90,94]. Table 6, the HTMTs of this measurement model are all less than 0.47, indi-
cating that the measurement model has good discriminant validity [90,95]. 

Table 5. Cross-loading. 

  PER AOL CO LE RF PEU PU II SOI 
PER1 0.819 0.336 0.008 0.250 0.221 0.169 0.207 0.233 −0.147 
PER2 0.794 0.282 0.021 0.244 0.235 0.233 0.169 0.186 −0.114 
PER3 0.831 0.330 −0.015 0.251 0.183 0.216 0.194 0.155 −0.177 
PER4 0.823 0.285 0.058 0.221 0.232 0.214 0.212 0.200 −0.129 
AOL1 0.284 0.747 −0.182 0.254 0.238 0.213 0.281 0.263 −0.154 
AOL2 0.303 0.788 −0.225 0.220 0.259 0.258 0.261 0.330 −0.171 
AOL3 0.320 0.814 −0.228 0.297 0.292 0.322 0.271 0.341 −0.184 
AOL4 0.282 0.785 −0.196 0.290 0.261 0.283 0.269 0.320 −0.210 
AOL5 0.282 0.748 −0.173 0.259 0.307 0.214 0.237 0.284 −0.164 
CO1 0.011 −0.191 0.781 0.056 0.052 0.082 0.029 0.042 0.022 
CO2 0.032 −0.190 0.836 0.085 0.072 0.132 0.060 0.056 0.000 
CO3 0.015 −0.224 0.795 0.075 0.043 0.090 −0.003 0.011 −0.016 
CO4 0.030 −0.205 0.800 0.058 0.033 0.091 −0.004 0.060 −0.075 
CO5 −0.005 −0.221 0.774 0.050 0.016 0.055 0.004 0.075 0.000 
LE1 0.247 0.308 0.041 0.821 0.210 0.192 0.191 0.225 −0.131 
LE2 0.202 0.228 0.086 0.773 0.167 0.219 0.205 0.212 −0.152 
LE3 0.218 0.267 0.023 0.807 0.159 0.184 0.122 0.215 −0.089 
LE4 0.278 0.279 0.115 0.809 0.224 0.222 0.147 0.229 −0.153 
RF1 0.202 0.265 0.056 0.218 0.820 0.236 0.112 0.229 −0.128 
RF2 0.226 0.278 0.038 0.181 0.807 0.252 0.181 0.252 −0.089 
RF3 0.253 0.324 0.030 0.205 0.852 0.239 0.156 0.257 −0.147 
RF4 0.196 0.289 0.056 0.190 0.844 0.250 0.166 0.248 −0.112 

PEU1 0.230 0.280 0.133 0.214 0.254 0.856 0.185 0.226 −0.192 
PEU2 0.234 0.315 0.062 0.210 0.263 0.895 0.202 0.283 −0.119 
PEU3 0.190 0.273 0.100 0.235 0.245 0.845 0.178 0.262 −0.094 
PU1 0.171 0.285 0.016 0.171 0.184 0.189 0.849 0.258 −0.113 
PU2 0.206 0.269 0.018 0.163 0.171 0.163 0.849 0.231 −0.098 
PU3 0.168 0.274 0.019 0.208 0.137 0.176 0.818 0.196 −0.092 
PU4 0.252 0.303 0.013 0.148 0.131 0.198 0.827 0.179 −0.068 
II1 0.221 0.317 0.043 0.205 0.225 0.295 0.240 0.811 −0.108 
II2 0.152 0.331 0.035 0.215 0.249 0.236 0.202 0.801 −0.139 
II3 0.215 0.296 0.075 0.228 0.229 0.220 0.203 0.828 −0.096 
II4 0.199 0.364 0.050 0.258 0.274 0.233 0.207 0.862 −0.160 
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SOI1 −0.144 −0.179 −0.031 −0.098 −0.106 −0.122 −0.097 −0.161 0.803 
SOI2 −0.133 −0.200 −0.020 −0.163 −0.133 −0.133 −0.135 −0.126 0.879 
SOI3 −0.149 −0.174 −0.008 −0.151 −0.131 −0.161 −0.076 −0.133 0.815 
SOI4 −0.119 −0.180 −0.005 −0.103 −0.100 −0.110 −0.064 −0.102 0.826 
SOI5 −0.178 −0.210 −0.011 −0.156 −0.128 −0.123 −0.083 −0.122 0.829 

Table 6. HTMT. 

  PER AOL CO LE RF PEU PU II 
AOL 0.451        
CO 0.047 0.304       
LE 0.355 0.407 0.104      
RF 0.315 0.412 0.069 0.284     

PEU 0.304 0.397 0.136 0.309 0.349    
PU 0.281 0.401 0.039 0.248 0.217 0.256   
II 0.283 0.469 0.077 0.329 0.348 0.354 0.304  

SOI 0.200 0.263 0.041 0.191 0.165 0.182 0.126 0.177 

If the variance inflation factor (VIF) values in the study model are less than 5, it indi-
cates that the study model does not have a covariance problem [90]. The VIF values of the 
models obtained after calculations using SmartPLS 3 software are all less than the critical 
value of 5, which indicates that the study model does not have a multicollinearity problem 
and the results of the study model are relatively stable. 

4.4. Structural Model Assessment 
This study used SmartPLS 3 to build and analyze the model [90,94], and the sample 

size of bootstrapping was 5000 to calculate the significance of paths. Figure 2 shows the r 
study results on active online learning of PLS-SEM by university students. 

 
Figure 2. Structural model PLS results. 

Figure 2 shows that the R2 (explained variance) for active online learning is 0.455, 
indicating a good prediction of the studied model [90]. This study used Stone-Geisser's 
Cross-validation method to calculate the Q2 value to evaluate the predictive relevance of 
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the model [90,94]. Values of Q2 greater than 0, 0.25, and 0.50 are meaningful and indicate 
the PLS path model's small, medium, and considerable prediction accuracy in that order 
[90]. The value of Q2 for active online learning obtained using the Blindfolding algorithm 
is 0.262, indicating a moderate prediction accuracy. Standardized Root Mean Square Re-
sidual (SRMR) can be used to measure the model fit of PLS-SEM [8,97]. The SRMR value 
obtained by SmartPLS 3 calculation is 0.038, which is less than the critical value of 0.08, 
which further shows that the overall model of this study has a reasonable degree of adap-
tation [90,95], and can explain the influencing factors of active online learning in the smart 
learning environment. The summarized hypothesis test results are shown in Table 7. 

Table 7. Summary of hypothesis results. 

No. Hypothetical Relationships Results 
H1 Personalization → Active online learning (+) Supported 
H2 Real-time Feedback → Active online learning (+) Supported 
H3 Intelligent Interaction → Active online learning (+) Supported 
H4 Perceived Ease of Use → Active online learning (+) Supported 
H5 Perceived Usefulness → Active online learning (+) Supported 
H6 Social Isolation → Active online learning (-) Supported 
H7 Learning Expectations → Active online learning (+) Supported 
H8 Complaints → Active online learning (-) Supported 
H9a Gender will lead to different active online learning behaviors. Not supported 
H9b Age will lead to different active online learning behaviors. Supported 

H9c Educational backgrounds will lead to different active online learning be-
haviors. Not supported 

4.5. Measurement Invariance 
To measure the invariance of the model, according to the measurement invariance of 

composite models (MICOM) developed explicitly for PLS-SEM by Henseler et al., [98], a 
three-step test is used to determine that the latent variables of different groups have the 
same connotation. First of all, different genders have adopted entirely consistent meas-
urement items, data processing methods, and analysis techniques to have configuration 
invariance; secondly, the compositional invariance results passed the test (p > 0.05, two-
tailed); finally, the equal mean values and variances confidence interval results show no 
significant difference. Therefore, it is believed that this model has exhibited full invariance 
in gender grouping. 

5. Discussion and Conclusion 
5.1. Personalization, Real-Time Feedback, and Intelligent Interaction Promote Active Online 
Learning 

The analysis results show that personalization, real-time feedback, and intelligent in-
teraction in smart learning environments significantly impact students' active online 
learning. The quasi-permanent separation of students and teachers during online learning 
often has an impact on teaching presence, and social company [83], intelligent interaction 
and immediate, intelligent interaction and real-time feedback can somehow compensate 
for the lack of teaching presence and social presence, thus helping to improve the effec-
tiveness of active online learning. Personalized smart learning environments provide 
learners with learning materials, learning paths, and learning partners adapted to their 
needs, and personalization is an essential factor in improving the quality and initiative of 
students' learning [45,46]. 

E-learning can be divided into synchronous and asynchronous according to time, 
and the learning space corresponds to synchronous and asynchronous online classrooms, 
respectively. Whether in synchronous or asynchronous classrooms, intelligent interaction, 
real-time feedback, and personalization should be the fundamental elements teachers 
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must consider when building an online learning environment. With technology develop-
ment, more and more learning management systems (LMS) provide well-designed inter-
action, feedback, and personalization tools. Teachers should implement information tech-
nology and deeply integrate the relevant technological functions with the teaching meth-
ods to build a smart learning environment. Figure 3 shows the proposed Online Smart 
Teaching Model, which includes intelligent interaction, real-time feedback, personaliza-
tion, content presentation, and classroom management. Content presentation, class man-
agement, and recording process are six aspects that facilitate teachers' online smart learn-
ing environment. Content presentation refers to presenting teaching content in different 
teaching methodologies and solving vital and challenging class problems. Class manage-
ment means that teachers can understand students' learning status in real-time through 
the platform to provide targeted tutoring to an individual student. The recording process 
represents that the whole process of students' learning is recorded by the system, and 
targeted learning analysis can be taken. 

 
Figure 3. Online Smart Teaching Model. 

This study only explores intelligent interaction, immediate feedback, and personali-
zation, and subsequent studies will further investigate a broader range of online innova-
tive teaching models in conjunction with specific synchronous or asynchronous teaching. 

5.2. Technology Acceptance on Active Online Learning  
There is a significant positive impact of perceived ease of use and perceived useful-

ness for online learning, suggesting that when learners actively perceive their learning 
will increase benefits and supports, it will also increase the probability of implementing 
learning on the online platform. The relationship between perceived ease of use and per-
ceived usefulness for behavior in the technology acceptance model is similar to existing 
findings [39,58]. However, previous studies lacked attention to the effects of perceived 
effectiveness and perceived ease of use on active online learning. Online learning requires 
a technology platform based on the integration of software and hardware, and it will be a 
significant impediment if learners do not have access to the learning supports when they 
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encounter technical problems. Learners' perceived usefulness of online learning comes 
from the subjective perception of what they have learned in the course and how it will 
help them in their future work or life; therefore, optimizing the learning system's func-
tionality and quality of resources is the way to promote active learning online. A smart 
learning environment aims to provide an accessible, engaged, and effective learning space 
[31] for online learners. Intelligent technologies should be used to solve the existing prob-
lems and lower the technology threshold. The functionality of smart learning environ-
ments (i.e., personalization, real-time feedback, intelligent communication, etc.) and the 
Technology Acceptance Model are associated closely. The relationship among these fac-
tors would be studied in the future to understand how online learning happens in smart 
environments.  

5.3. A Sense of Social Isolation is Significantly Negative for Active Online Learning 
A unique finding is that social isolation directly and negatively affects active online 

learning, indicating that high levels of social isolation negatively affect active online learn-
ing behaviors [63,69]. When social isolation levels are higher, learners feel more isolated 
and lonelier, and social isolation harms active online learning and vice versa. However, 
research has found that a good sense of social presence and interaction can improve online 
learning [61], suggesting that online instructional design should utilize multiple strategies 
to reconnect teachers and learners in cyber pace. Learners often experience isolation and 
alienation in online learning environments. These negative emotions can be reduced or 
eliminated by enhancing learners' social awareness [63], and creating a congenial learning 
environment and a sense of belonging to a group can facilitate active learning online [67]. 
Blended learning, which cultivates group discussions and collaborative learnings, can 
lower the adverse feelings of isolation and loneliness [50]; productive academic perfor-
mance under such interactive learning styles supports the idea that social isolation harms 
active online learning. The approach of mutual help of blended learning escapes learners 
from the isolation of studying from home, and learners can gain more opportunities to 
learn and communicate with each other through the assistance of learners [65]. Learners 
who struggle in their studies will quickly lose self-confidence when they meet a challenge 
in a long time without supervision; if they could seek help from individualized tutoring 
offered by the intelligent learning system, it would be another story. This study confirms 
that social isolation is one of the most critical factors influencing active online learning 
and identifies the pathways through which social isolation affects active online learning.  

5.4. Reduce the Gap Caused by Learning Expectations with the Help of Intelligent Technology 
The results show that students' learning expectations will significantly affect their 

online learning activity, proving that learning expectations are also crucial factors affect-
ing active online learning. This result is similar to the findings of existing research [71,72]. 
The development of intelligent technology offers many conveniences for online learning, 
while personalized data analysis helps learners set expected goals to meet their specific 
needs. The real-time feedback feature can instantly correct learners' learning progress 
ahead or behind; intelligent interaction can collect the content that learners are not satis-
fied with the learning process and give emotional guidance and comfort. The results of 
the data analysis support the hypothesis that learning expectations influence active online 
learning, indicating that learning expectations should be considered in the analysis of 
learning processes. The customer satisfaction model [73] emphasizes that expectation is a 
crucial factor affecting satisfaction, and this study confirms that learning expectation 
brings about active online learning behaviors.  
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5.5. Pay Attention to the Improvement Opportunities Contained in Learning Complaints 
An interesting finding of this study is that learning complaints also affect active 

online learning. The results show that learning complaints is a factor that negatively af-
fects active online learning, indicating that the probability of implementing active online 
learning decreases when there are more learning complaints. In online learning, unstable 
or slow Internet speed, slow system response, and insufficient battery capacity generate 
learners' complaints. As the complaints spread, the expectation of active online learning 
decreases, and the probability of implementing active online learning behaviors decreases. 
Smart learning environment theory [31] helps understand the internal causes of learning 
complaints and provides insights into the reasons. The factors influencing complaints and 
how to deal with these issues should be considered to develop a smart learning environ-
ment. Unlike earlier research, this study introduces the customer satisfaction model [73] 
into the study of online learning, which indicates that online learning analytics should 
focus more on identifying specific causes of complaints rather than being confined to 
calming learners' emotions. 

5.6. Control Variable 
The results of this study show that gender and educational background do not bring 

about differences in online active learning behavior, which is consistent with previous 
research findings [5,104], but inconsistent with the findings from Yu [105]. For the influ-
ence of gender and educational background, research results often indicated mixed results 
[106]. From the perspective of active online learning in the smart learning environment, 
teachers do not need to worry too much about the adverse effects of gender and educa-
tional background, but to pay more attention to the instructional design and delivery 
methods. The data analysis results indicate that age will significantly negatively affect 
students' online active learning, similar to the prior research [30]. Therefore, teachers and 
schools need to consider this when promoting students' active online learning.  

6. Limitations and Future Study 
This study focused on an active and constructed online learning research framework 

by combining learning satisfaction, TAM, smart learning environments, and social pres-
ence. Based on the literature review and teaching experience, the corresponding situa-
tional variables were integrated with the proposed active online learning model. Eight 
aspects—personalization, real-time feedback, intelligent interaction, perceived usefulness, 
perceived ease of use, social isolation, learning expectations, and learning complaints—
were used to explore the impact of smart learning environments and related factors on 
active online learning. The research sample was collected through scale design and an 
online questionnaire, and the model was analyzed empirically using SPSS 25 and 
SmartPLS 3; the research hypotheses were tested with the help of partial least squares 
structural equation modeling. Based on these findings, this study also targeted the corre-
sponding improvement suggestions to provide references for theoretical and implemen-
tation recommendations for better learning outcomes of active online learning in a smart 
learning environment. 

This study has obtained specific results in theoretical development and practical rev-
elation, but there are still some limitations, due to the objective conditions. First, future 
research can further evaluate the variables in-depth, for example, the differences of online 
synchronous learning environments and the group differences in age grouping and edu-
cational background. Second, although using a homogeneous student sample helps obtain 
a more decisive theoretical test [24,86], the representativeness of the sample in this study 
has certain limitations, which may limit the generality of the conclusions of this study. In 
the future, the model's applicability can be verified by expanding the sample size and 
scope. 
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