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Abstract
The education system worldwide has been affected by the Corona Virus Diseases 2019 
(COVID-19) pandemic, resulting in the interruption of all educational institutions. Moreo-
ver, as a precautionary measure, the lockdown has been imposed that has severely affected 
the learning processes, especially assessment activities, including exams and viva. In such 
challenging situations, E-learning platforms could play a vital role in conducting seamless 
academic activities. In spite of all the advantages of remote learning systems, many hurdles 
and obstacles, like a selection of suitable learning resources/material encounter by individ-
ual users based on their interests or requirements. Especially those who are not well famil-
iar with the internet technology in developing countries and are in need of a platform that 
could help them in resolving the issues related to the online virtual environment. There-
fore, in this work, we have proposed a mechanism that intelligently and correctly predicts 
the appropriate preferences for the selection of resources relevant to a specific user by con-
sidering the capabilities of diverse perspectives users to provide quality online education 
and to make work from home policy more effective and progressive during the pandemic. 
The proposed system helps teachers in providing quality online education, familiarizing 
them with advanced technology in the online environment. It also semantically predicts the 
preferences for virtual assistance of those users who are in need of learning the new tools 
and technologies in short time as per their institutional requirements in order to meet the 
quality standards of online education. The experimental and statistical results have demon-
strated that the proposed virtual personalized preferences system has improved overall aca-
demic activities as compared to the current method. The proposed system enhanced user’s 
learning abilities and facilitated them in selecting short courses while using different online 
education tools adopted/suggested by the institutions to conduct online classes/seminars/
webinars etc., as compared to the conventional classes/activities.
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1 Introduction

Attempts to halt COVID-19 spread via non-pharmaceutical involvements and precaution-
ary measures, for example, self-segregation and societal exclusion, have encouraged a 
global conclusion of the scholarly world in more than 100 countries [37]. Previous epi-
sodes of irresistible sicknesses have provoked far-reaching school closings around the 
globe, with fluctuating degrees of success [9, 37]. Calculated displaying has demonstrated 
that transmission of a flare-up might be deferred by shutting the scholarly community. In 
any case, adequacy relies upon the contacts youngsters keep up outside of study condi-
tions [8, 37, 43] that might be successful when sanctioned speedily and impact severely 
the global education system. This tragic situation caused the closure of all the educational 
institutions on a temporary basis worldwide. It decreased the morale of students and teach-
ers about good quality of education for better knowledge and success in their careers. Many 
institutions, including schools, universities, and colleges that provide on-campus educa-
tion, were closed, and some of them were shifted to remote education due to this challeng-
ing situation overnight.

The online learning system shares knowledge globally using web applications and 
remote tools for conducting education services [3, 12, 20, 25–27, 35]. In an eLearning 
environment, sharing knowledge requires an internet facility for both learners or teach-
ers located dispersedly to study or teach anytime, anywhere by using advanced skills and 
technology [3, 7, 13, 36]. It is challenging to provide essential skills, knowledge, and 
advancement in curriculums and technology through traditional or on-campus education, 
especially in undeveloped areas. Where there is a lack of internet access and limited and 
inexperienced [14, 30] resources. Therefore, the main challenges are being faced by these 
institutions in the COVID-19 crisis to accept change and adopt advanced technology for 
education. These institutions have few technological options for conducting online classes 
and educational activities under limited budgets and resources without compromising the 
education standards. Thus, institutions, especially universities, shifted their education sys-
tem from on campus to digitalized according to dire requirements of the current pandemic 
situation.

Consequently, education quality through eLearning is crucial due to overnight shifting 
from campus education to online education. The reasons are that students have to learn 
and arrange advanced technology in the shortest time to come up with current scenario 
requirements without compromising their education quality and requirements [16, 39]. 
Similarly, most teachers also have lack knowledge and skills about advanced technolo-
gies that are used in online education. Therefore, both students and teachers require a sub-
stantial amount of training and arrangements of resources required for online education. 
Hence, the issues are not that how to provide quality education; it is how educational insti-
tutions handle a massive number of students in online education? Because institutions will 
be assessed on their ability to adapt to changes in technology and maintain the quality of 
the educational contents. It is difficult to shift all staff, teachers, and students to online 
classes with their syllabus online overnight due to dispersed locations, and personalized 
preferences for learning and teaching [7, 12, 14]. Google and Microsoft products such as 
google classroom, Gmail, Duo, google forms, and Microsoft Team have helped the institu-
tions shift from on-campus to online education. The major problems include dealing with 
different online advanced technologies for education, different errors during download-
ing, installation, internet speed, accessibility, video, and audio. This makes the environ-
ment less engaging, confusing, and boring for students, and they find it difficult to pay 
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proper attention on the topic. Also, the individual interaction of students with the teach-
ers becomes a prominent issue during online education. The burden of teachers increases 
while demonstration during practical subject using advanced technology. Both teachers and 
students need to learn about these modern technologies. Therefore, with the adaption and 
searching of new technologies and resources for online education, there is a need to guide 
and train students and teachers to enhance their skills and knowledge about online learning 
methods [7, 14, 15]. Students and teachers required personalized preferences about digital 
literacy [5, 35, 36, 39]. This will help them in selecting the right technology and skill set, 
which are the prerequisite to use advanced technology.

In light of the issues mentioned earlier, there is a need of a system that could provide 
personalized options for online education by advising both learners and teachers on how 
to study and teach according to their specific set of preferences [6, 30]. Whether prefer-
ences relevant to regular courses or relevant to short courses for maintaining quality and 
standards of education by enhancing their skills and useful with current modern technol-
ogy available for online education according to their benefits. Therefore, most of the pre-
dictions are based on collaborative-based filtering (CBF) and content filtering (CF) to use 
previous user experiences and current user information, respectively. To help learners for 
identification of relevant material and experiences according to their viewpoints, feed-
backs, and experiences. Therefore, personalized preference predictions are based on former 
and current user information and rating [1, 7, 14, 15]. Hence, a problem in personalized 
preferences prediction is semantic analysis and term mismatch in preferences [14, 23, 39]. 
Another major issue is virtual assistance 24/7 for learners to guide them and resolve their 
issues.

In accordance with the current crisis and personalize issue mitigation, we proposed 
a virtual remote learning system for personalized preferences predictions using hybrid 
filtering (HF). HF is the combination of CBF and CF for correct semantic analysis and 
term mismatch issues resolution. For this, we developed a web-based prediction system 
for improving personalized preferences using virtual assistance. The proposed system 
is designed to predict relevant preferences of multi-user perspectives based on semantic 
analysis to help the user accurately select contents and courses to enhance their skill and 
knowledge.

1.1  Research contribution

Major contributions of the present study are to resolve personalized preferences according 
to student/ teacher request during online education issues are as follow:

1. In this study, we identified that online education lacks the personalized preferences of 
learners and teachers virtually. Therefore, to handle virtual personalized preferences 
semantically, there is a need to accurately predict personalized preferences in multiple 
perspectives according to their skills and experiences.

2. The proposed system predicts personalized preferences based on semantic analysis using 
text mining techniques and hybrid filtering. First, the student and teacher preferences on 
demand are analyzed by the virtual agent semantically using text mining. Then predict 
a list of personalized preferences by analyzing previous and current similar students, or 
teachers preferences consist of knowledge, experience, and skill. The list of predictions 
classified according to the rating of current and previous students’ or teachers’ feedback.
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3. Later, an empirical evaluation was performed for the verification of the proposed system. 
A real scenario was used to follow that justifies the validation of the proposed system. As 
a result, our proposed system outperformed as compared to others without a personal-
ized prediction method.

4. The present study provides a pathway for future practices and research work that pro-
vides overview and experimental proof for dealing with pandemic situations in the 
education field using information technology benefits.

The remaining sections of this work are organized as follows. Section  2 examines 
work related to this topic. Section 3 contains a detailed description of the proposed sys-
tem. Section 4 contains the findings of the empirical evaluation and a discussion of the 
planned system effectiveness investigation in the current pandemic situation. Section 5 
concludes the overall research work and makes some recommendations for future work.

2  Related work

A significant quantity of literature has been published on detecting the benefits of online 
education that helps in getting skills and experience during online distance education. Also, 
many studies describe the need, role, and recent trends in online education for improving 
the recent challenges of online education.

Consequently, many researchers have argued that a preferential recommendation is an 
important element of online education in a virtualized environment [14, 31]. To automat-
ically improve services for teaching and counseling with personalized preferences, online 
learning has become more important in industry and research with virtualized assistance 
[7, 31]. As a result, researchers have looked into a variety of issues in online learning, 
such as tutor–student communication [7, 14]. Using accurate mining and analysis pro-
cesses, students’ source selection preferences, student tests/quizzes, and examinations, 
among other things, are used to recover the linked preferences with online assistance [23, 
30, 31]. The majority of existing solutions focus on anticipating a collection of subjects 
using a recommendation engine based on previous user data. However, due to a lack of 
adequate information retrieval, they fail in the case of current and new users, and the 
semantic relevance of the information for multi-perspective users’ changes. By adopting 
online learning to learners’ and teachers’ experience, capabilities, and requirements, the 
current study has improved learners’ and teachers’ online learning performance.

The author in [19] investigated the use of a mobile learning platform in conjunc-
tion with an online system to merge digital and real-world circumstances. It can help 
students identify flaws in order to stimulate their interest in known material. Similarly, 
data mining is used in a study by [16] to discover the gap between E-learning inappro-
priate and improper course combination recommendations. The data demonstrated that 
the proposed method was useful for selecting and extracting course material for skill 
development when compared to the Model system. Data mining processes like cluster-
ing, classification, and mining association rule are used to recommend a large num-
ber of user preferences in order to improve learner skills based on their interests [22]. 
Reusing information to improve recommendations in e-learning [7] looks into several 
platforms and the function of ecosystems in knowledge exchange in virtually aid learn-
ing. When dealing with huge data sets and scalable learners, using chronological data 
for recommendations can be beneficial [14]. Simultaneously, improve the competency 
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performance of online learners by recommending material based on previous similar 
student performance levels and using visual analytics for online help [12, 23].

Virtual environment (VE) training resembles a genuine situation and allows students 
to enter the VE to complete tasks [5, 17, 31]. VE also employs 2D (two-dimensional) 
and 3D wholly immersed interfaces [31]. VE training can be used as a stand-alone 
training strategy to cope with multi-user views, necessitating the reuse of previous simi-
lar ratings as well as current prior preferences/interests of intelligent semantic recom-
mendations via data mining [5, 6, 39]. In [30], the author proposed OntoSIDES, which 
is at the heart of ontology-based learning systems in educational content. It kept track 
of the children’s actions in order to help them establish their semantic associations.. 
To improve information prediction, there is a need to reduce irrelevancy and redun-
dancy intelligently during information classification [6, 23, 34]. The problem of an 
accurate selection of preferences, virtual assistance, multi perspectives, students/teach-
er’s performance, extraction of relevant contents, and maintaining education standard 
after COVID-19 crisis and situation. The dilemma COVID-19 had a significant influ-
ence on the educational structure and shifted from on-campus to remote education. The 
new structure of education has impacted and changed student and instructor behavior. 
Hence, in current situations, more appropriate solutions and appropriate technology 
adoption and selection are difficult to maintain higher satisfaction [8, 9, 37, 43] and 
education quality [4, 8, 38].

As a result, a thorough examination of existing systems revealed several flaws, prompting 
us to propose a method to address these flaws in existing systems during pandemic emergen-
cies. For example, no semantic information extraction [10, 18, 23] suffers from vagueness 
and misconception of viewpoints of diverse-perspective problem investigation [2, 16], both 
of which demotivate teachers and students to seek solutions and improve their knowledge. 
Furthermore, without virtual aid, ambiguity, incompleteness, and redundancy in course 
descriptions can enhance cooperation with relevant staff and performance concerns [5, 31]. 
As a result, an easy and efficient system is required to decrease complexity and effort, as 
well as to provide suitable preferences to minimize rigidity in course content and skills [7, 
10, 16, 23]. The proposed system thus offers full guidance to train users by using various 
preferences to reduce the problem during online education against each application.

3  Proposed system

In this part, we will discuss the intelligent proposed remote learning system developed to 
address the concerns of virtual personalized preferences during online education. Con-
cerns that have been addressed in this approach were discovered in the literature while 
conducting this study. Especially after Covid-19 academic institutions all over the globe 
shifted from on-campus to the remote online learning systems. For remote learning, dif-
ferent platforms like Google classroom, Zoom, institution-specific learning management 
systems, etc., have been adopted by the institutions with the use of internet technology. 
To avoid the loss of education during the lockdown situation, institutions have no other 
option but to move to these tools. But due to certain reasons, they were not able to pro-
vide quality education to their students after adopting different platforms for remote edu-
cation. One main reason for this problem was that some instructors and students were not 
familiar with these technologies, and it is difficult for them to adopt these platforms for 
education purposes. Therefore, they search for tutorials and related material to enhance 
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their skills to make remote learning fruitful, successful, and better as compared to on-
campus education. Therefore, the objective of the proposed system is to assist students 
and teachers virtually according to their requirements for remote learning. The students 
during online education face several issues such as uploading assignments, solving quiz-
zes, and downloading course contents. At the same time, on the other side, the teachers 
tend to deliver lectures, take quizzes and provide content to students due to their distrib-
uted location. The teachers and students have to take help from different social media 
forums for better and high standard education but still cannot get accurate and proper 
solutions to their problems that lead to wastage of time and resources. Some teachers and 
students who are familiar with advanced technology also need to follow short courses 
through online training to enhance their skills and perform their online jobs during a 
current pandemic situation. Therefore, the proposed system personalized the preferences 
and predict solutions according to the requirements and interests of the students and the 
teachers. Thus, the proposed system helped those who are new to the advanced technolo-
gies and those who like to sharpen their scales to compete in a modern technological era. 
The proposed system complete overview is described in Fig. 1.

The system helps teachers and students in meeting each other according to their per-
sonalized preferences in a crisis. Virtually, teachers and students resolve their issues 
using appropriate software for online education, solution problems during online edu-
cation, and appropriate selection of short courses for skill enhancement. The proposed 
system’s main steps consist of two main phases, i.e., Input collection and the prediction 
process.

Fig. 1  Proposed System
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3.1  Input collection

Data is collected from different users’ profiles for their personalized preferences in the 
input collection phase. The student profile interface depicted in Fig. 2 shows the inter-
face that defines background about education, skills, and experiences of an individual 
student. Based on student education and skills, the proposed system predicts the per-
sonalized preferences for online education. Personalize preferences are recommended 
using text mining semantic analysis. Later, utilizing similar prior and present teachers 
or students’ ratings or feedback, a prediction list of solutions appropriate to preferences 
is presented.

3.2  Prediction process

In this phase, prediction and recommendation lists are generated virtually to enhance 
online education and identify the appropriate solution for users’ online education prob-
lems. Virtual agent analyses prediction list based on previous and current similar users 
selected preferences for relevant issues solutions and feedback after adopting a solu-
tion. The previous and current user’s similarity-based on teachers’ or student’s educa-
tion, skills, and requirements. The highest-ranked solution predicts and recommends the 
new request of current or new users. The prediction list after the prediction process is 
depicted in Fig.  3. For an individual student, the personalized preferences prediction 

Fig. 2  Student Interface
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interface presents the list of courses that improves knowledge by taking a course. For 
this phase, we use algorithm 2, and its input depends on algorithm 1.

Fig. 3  Personalized Preferences Prediction Interface
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3.2.1  Text mining

In this phase, teacher’s or student’s requests are semantically preprocessed using text min-
ing methods. For automatic text mining, we used R libraries using RStudio for semantic 
personalized preferences extraction [11, 29, 32, 41]. Text mining is a type of data mining 
used to understand and find hidden relations in natural language text semantically [11, 29, 
32, 41]. After the preprocessing, the data is stored in a repository. The full-text mining flow 
is illustrated in Fig. 4. Preprocessing phase is because the lack of information in user view-
points is reduced, and the hidden relationship between the information provided can be 

Fig. 4  Steps for Text Mining
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investigated or highlighted, or even recognized. Table 1 provides an example of the extrac-
tion of terms from the text of natural languages to concepts.

3.2.2  Ranking preferences

The ranking preferences are based on filtration of previous and current similarity of 
teachers and student’s information. The filtration skills, experience, and qualification 
of new and current teachers or students are matched with the profile of the former 
similar students/teachers’ experiences based on their semantic perspective analysis 
during online education. As most teachers/students are new and institutions to technol-
ogy relevant to online education have shifted from campus education to online edu-
cation overnight. Therefore, they needed guidance and training to select appropriate 
online mediums for education and virtual assistance for dealing with their issues based 
on personalized perspectives or preferences. The most adopted software for online 
education is Google classroom, Zoom, Microsoft team, Gmail, hangouts, and learn-
ing management systems. Most teachers and students are not familiar with these tools, 
and they face difficulties in adopting and maintaining their education standards. For 
example, most institutions adopted google classroom as an online medium for com-
munication among teachers and students during online education. The teachers upload 
course contents, assignments, quizzes and handle queries using google classroom. And 
students have to follow teachers’ instructions for content, assignments, etc. and com-
municate using this medium based on dispersed locations. Thus, teachers/students to 
enhance activities online education have to get training or resolve their problems while 
using these technologies.

Consequently, they used different social media and websites to enhance their 
skills but did not get accurate solutions according to their problems. For example, the 
quizzes conduction by teachers in google classroom is a problem, and after search-
ing from different internet sources solution. The searching of solution wastage time 
and not accurately according to preferences. The proposed system extracts differ-
ent solutions according to their personalized preferences about quiz conduction and 
submission issues. In the pandemic situation, they also utilize their time by taking 
short courses or training to enhance knowledge and skills. For example, the teacher/
student wants to enhance web development skills. Based on their previous qualifica-
tion and experience, analyze and ranked according to current and previous similar 
users’ feedbacks and preferences to predict different short courses using algorithms 
1–1 to compete in their brighter career. Firstly, these courses extract by analyzing the 
request of teacher/student semantically in the form of terms or required preferences. 
Secondly, match current and previous similar students/teachers’ personalized prefer-
ences according to their experiences and viewpoints to predict requirements. Thirdly, 
sort predicted options according to the ranking of previous and current teachers/
students.

3.2.3  Prediction and priority

After extracting preferences semantically and filtering according to similarity terms, pre-
dict list preference (s) with their priority in algorithm 2. For the prediction list of prefer-
ences, extract previous teacher/student preferences and priority about similar preferences 
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to classify preferences according to the highest priority. Therefore, the NP of predicted 
preferences with priority is a combination of PP as shown in Table 2 and CP preferences 
using Eq. 1.

whereas,
V represents similar preferences set; l is a preferences total number; z characterizes total 

preferences selected by a user, CP represents a number of users who recently have chosen 
a preference Vi. According to Table 2, a new sequence of preferences are; P4,P2,P1,P5,Pa  
using Eq. 1.

The proposed system assists virtually with the help of a virtual agent to resolve issues of 
teachers/students during online education and guiding teachers/students regarding enhanc-
ing their skills and experiences. To validate the performance of the proposed system; 
research questions used:

• Does the proposed system capable of improving remote education?
• Does the proposed system assist appropriately for the selection of a personalized envi-

ronment during remote education?

4  Experimentation and evaluation

We conducted a quasi-experiment to evaluate the Proposed system (PS) using experimental 
group treatment (ET) and control group treatment (CT) by dividing participants in each 
group. The PS was implemented during the Covid-19 crisis in the lockdown situation to 
enhance users’ skills to promote the idea of high-quality remote education to cope with the 
challenges of their access to quality education.

4.1  Demographic information of participants (Ps)

There were 60 participants, including students, virtual agents, teachers, and admin man-
agers, for the conductance of online education during the experiment. These partici-
pants may or may not have online education experience before situating to the online 

(1)NP =

∑l

m=1
Vm

z
× CP

Table 2  Priority of Preferences

CP currently prioritized, PP previously prioritized, NP new priority 
and, P Preferences

Preferences P1 P2 P3 P4 P5

CP 4 3 4 4 5
PP 2 3 1 3 1
NP 8 9 4 12 5
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education system, as described in Table 3. For experiments, selected institutions shifted 
from on-campus to online education after the impact of the current pandemic situation. 
The Ps of ET were 30 who implemented the proposed system (PS). At the same time, 
in CT, 30 participants included those who used the existing method (EM), i.e., existing 
websites like YouTube and Google without virtual assistance. The recruitment informa-
tion participants are as follow:

• The participant’s selection was based on random selection and consisted of both male 
and female individuals.

• The selected students are undergraduate students of the agriculture, mathematics, and 
computer science departments.

• The teachers of these departments were selected based on their experience in teaching.
• The virtual agents have experience of online education, modern technology, and predic-

tion calculation semantically.

Therefore, all participants had different levels of experience, education, expertise, and 
skill. The selected participants from academia, including teachers and students, were con-
nected with the educational institutes and their institutes adopted remote/online learning 
methods using Zoom, Google classroom, institution-based learning management systems, 
etc. The total period of the experiment, including from participants selection to output 
findings, consisted of 30 days. Course contents for short courses were selected from dif-
ferent websites and information about technology relevant preferences from institution 
repository they made before experiments after shifting to online education previously.

4.2  Experimentation procedures

In the spring session of the selected institution, the experiment was conducted for regular and 
short courses. The objective of PS is to predict a recommendation list of relevant resources to 
teachers and students according to their multiple perspectives. The prediction list with their 

Table 3  Demographic 
information

CT Ps Control Treatment preferences, ET Ps Experimental treatment 
preferences
* Y Years; **Oc On-Campus; ***Ol Online

Experience CT Ps ET Ps

 < & = 2 Y* Oc ** 10 9
Ol*** 15 14

 < & = 3 Y Oc 6 7
Ol 10 12

 < & = 4 Y Oc 5 6
Ol 3 2

 < & = 5 Y Oc 6 6
Ol 1 1

 < & = 6 Y Oc 3 2
Ol 1 1
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priority assists participants in enhancing their knowledge, experience, and skills during online 
education with virtual personalized preference assistance. For data collection questioner used 
as an instrument as described in Appendix A and the complete procedure of the experimental 
study described in Fig. 5. Therefore, after the division of participants, we applied pre-test, and 
after some essential training to get familiar with the proposed system, we applied post-test.

Questioner output generated from users’ responses was then used to analyze statistically 
after the pre-post-tests. The measurement of the experiment is based on participants’ satis-
faction and novelty effectiveness of the proposed system. Thus, we used parametric evalua-
tion for the satisfaction of participants, which was extracted from existing literature, i.e. [10, 
12, 14, 16, 23, 30, 30, 31]. These parameters are described in Table 4, and data collection 
about these parameters from participants’ feedback and experience based on the questioner.

The pre-post-tests were created to look into the effectiveness of the suggested system 
during online education and to assess teachers and students’ reactions after using it. There-
fore, after the division of participants, we assess the previous knowledge, skills, and famili-
arity with technology and reviews about online shifting overnight of participants using ques-
tioner. The content of pre and post-test were in the form of videos and slides which were 
used by the participants for their issues during the use of remote education or studying short 
courses for skills and knowledge enhancement. These contents were saved in the repository, 

Fig. 5  Experiment Procedure

Table 4  List of Factors S. # Factors

i Easily Understandable (EU)
ii Less Complicated (LC)
iii Student/learner Performance level (SP)
iv Increase/Boost Motivation (IM)
v Reduce team Efforts (RE)
vi Learning ability (Le)
vii Cooperation online (Co)
viii Social relations Enhancement (SE)
ix Personalized selection (Pe)
x User Satisfaction (US)
xi Semantically analysed Info (SI)
xii Virtually aided Environment (VE)
xiii Use Valuable Preferences (UP)
xiv Accurate and correct Referred preferences (AR)
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and the virtual agent helped to access these contents after the selection of desire contents. 
The pre-test and training of participants consist of 5 days, 15 days for learning of contents, 
and ten days for post-test data collection, results in analysis, comparison with pre-test, and 
conclusion. This assessment helps to compare results after implementing treatment and 
improvement achieved. The CT and ET participants have different online and on-campus 
experiences with less satisfaction with shifting to online education. Most participants who 
are not familiar with advanced technology do not have access to all online resources, face 
difficulties while communicating with students and teachers due to the involvement of mul-
tiple tools. The results of CT and ET participants almost the same because most of the par-
ticipants have no or less experience with online education software. During the experiment, 
CT group enhanced their skills using different tutorials and materials using different online 
platforms, including YouTube and Google. While all participants of ET group adopted PS 
to enhance their skills, resolve the challenges of Covid-19 on education and complete their 
educational requirements without affecting their lives in pandemic impact.

After applying treatment to ET participants, a post-test was performed on responses. 
Therefore, before applying a treatment of proposed system treatment, provide training to 
ET about using the proposed system and enhance knowledge of CT participants for correct 
and accurate assessment of post-test. The results of the pre-post-test were then compared to 
identify the differences between the pre-post-test values for validation after treatment.

4.3  Results and discussion

This part of study explains experiment conduction procedure to assess performance of CT 
and ET participant’s, novel effects, and standard education after implementing PS. For ana-
lyzing data, collected after pre and post-test, using SPSS software version 23 as shown in 
Table 5 and for reliability analysis of data used Cronbach’s alpha test as shown in Table 6 
to compare significant difference and reliability analysis results of pre and post-tests.

CT and ET mean 28.008 and 37.6, respectively, with a standard deviation (S.D.) of 
9.18 and 10.1. The reliability test is acceptable when the post-test value is greater than the 
pre-test alpha value. Thus, results for the pre-test of CT and Et are 0.69 and 0.76, respec-
tively. Subsequently, the post-test of CT and ET are 0.78 and 0.89, respectively. In order 
to analyze the S.D between CT and ET, an independent or paired t-test was carried out 

Table 5  Statistical test

Ps Preferences, U Mean, SD Standard Deviation 

Groups Ps Pre-Test Post-Test

U S.D U S.D

Control Treatment 30 28.1 9.18 36.5 9.55
Experimental Treatment 30 37.6 10.1 60.1 12.05

Table 6  Cronbach’s statistical alpha test

Groups Preferences Pre-Test Post-Test

t-value Significance-value t-value significance-value
Control Treatment 30 2.75 0.001 2.989 0.000
Experimental Treatment 30 3.047 0.000 3.867 0.000
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to evaluate the hypotheses (H) and the significant difference between the group pre-post-
test. The significance-value (sv), i.e., < 0.05, shows that Ps satisfaction and performance 
increase after the proposed system has been implemented. As an outcome, reject H null, 
indicating that participants in ET and CT had diverse levels of education, experiences, tal-
ents, and so on (t = 3.867, sv = 0.000). Consequently, it also concludes that semantic-based 
predictions in virtualized environments improved the selection of relevant, personalized 
preferences and significantly outperformed the existing method.

We performed a one-way ANOVA test to compare dependent (performance, satisfaction 
level, and novelty) and independent factors (i.e., semantic-based personalized preferences) 
as described in Table  7 between ET and CT. The results demonstrate that sv difference 
between PS and EM (F = 3.750, sv = 0.001), with mean square values 141.338 and 134.564, 
respectively. On the other hand, ET mean score was greater than CT, demonstrating that it 
is possible to improve the online course selection process by considering many perspec-
tives. The ET performed better in terms of score, as evidenced by descriptive analysis.

In addition to the results of a questionnaire prove that PS outperform than EM, as shown 
in Fig. 6 and 7 for CT and ET, the participants’ satisfaction level (SL) outcomes. Ps’ level of 
satisfaction is represented on the x-axis, while the number of Ps is represented on the y-axis. 
The value of satisfaction level of EM or CT group data calculated using questioner instru-
ment to compare results of EM and PS participants. Therefore, Fig. 6. depicted the EM par-
ticipants’ scores which calculated using an average of questioner data based on five Likert 
scales for Ps SL after the experiment. Thus, SL of an instructor, student, and manager less 
than 65 percent as compared to PS participants, which is greater than 65 percent (see Fig. 7).

Table 7  Statistic Analysis

G Groups, SS MeanSum of squares 

G SS Degree of 
freedom

Mean Square F Significance 
difference

Between Control and 
Experiment Treatments

1978.733 14 141.338 3.750 0.001

Within Control and 
Experiments Treatments

2018.467 15 134.564

Total Value 3997.200 29

Fig. 6  EM Participants Results
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PS updated the online education platform and provided personalized semantic-
based predictions on diverse perspectives, according to the respondents’ results. The 
proposed system, alternatively, lowered the effort needed for recommending high-
quality courses. In addition to this, participants were provided an interactive virtual-
ized learning environment/platform as well. If a student has a question during class, 
quizzes, or he/she want to ask anything during the exam, for example, virtual support 
will address problems and assist them. It enables remote learning more engaging for 
short-term courses after mapping the recommendation list according to their interests/
wishes. The ET teachers were also able to complete and provide high-quality education 
within the required time and were able to solve the queries and problems of their stu-
dents. Similarly, ET students never lose their interest, and they keep on their participa-
tion efficiently during remote learning in a virtual-aided scenario under the guidance 
of their teachers. Thus, it kept on providing high-quality education without losing the 
interest of instructors and students remotely during the pandemic. According to each 
Likert scale, the PS and EM findings were then provided in Figs. 8, 9, 10, 11, 12 as 
indicated in Appendix A.

Fig. 7  PS Participants Satisfac-
tion Level

Fig. 8  Parameters Analysis of Strongly Agreed
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As a result, the average satisfaction levels of all participants found in Figs.  8, 9, 
10, 11 and 12 for each parametric expression used n in Table 4 for comparison. This 
revealed that all PS participants were happier than those who used Ps, which is based 
on a typical online learning technique. As a result, PS outperforms EM and enhances 
educational performance to the best possible level.

4.4  Novelty effect

The ability to detect human learning ability with the help of new technology and familiar-
ity with technology contents to memorize easily and better as compared to other methods 

Fig. 9  Parameters Analysis of Agreed

Fig. 10  Parameters Analysis of Neutral
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[21, 28, 33, 42] has also been tested in this work. In this research, we evaluate the novelty 
effect of PS as compared to EM in case of performance, personalized selection, content, 
flexibility, innovation, interest, and learnability according to Ps experiences using data col-
lected after the questionnaire. The results depicted in Fig. 13 show that using PS partici-
pant’s motivation, knowledge, interest, learning ability, and the ratio of successful achieve-
ment of their goals has been improved as compared to EM.

4.5  F measure and accuracy

In order to evaluate the success of PS to identify appropriate, relevant predictions and 
selection of personalized preferences used F-measure and accuracy metrics [24, 40]. 
Accuracy measures exactness in prediction priority personalized preferences using 
semantic analysis. The F-measure used to quantity relationship between predicted pref-
erences and actual relevant predictions. Subsequently, results show that PS and EM 
accuracy are 0.56 and 0.98, respectively, and PS accuracy and F-measure are 0.59 and 
0.98 values, respectively. Thus, the predictions of personalized preferences are correctly 
prescribed to teachers/students according to their requirement and perspective semanti-
cally than the existing method.

After the experiment, the overall satisfaction level of participants has increased, as 
depicted in Fig. 14. The axis y and x describe the SL and participants’ detail to evalu-
ate the performance of each participants. And results depicted that PS participants have 
more than 70 percent SL as compared to EM.

We investigated whether preference prediction in an e-learning environment benefited 
the online learning process by selecting relevant preferences based on user interest and 

Fig. 11  Parameters Analysis of Disagreed
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preferences in the current situation when students and teachers have migrated to online 
education overnight. As a result, the statistical test reveals a significant difference between 
the proposed system and the present approach in order to answer the study question: "Does 
the suggested system increase e-learning?" In the advance technical era, the selection of 
semantically diverse perspective preferences in VE is important to increase motivation 
and capabilities. Existing information-search systems frequently offer the same set of 

Fig. 12  Parameters Analysis of Strongly Disagreed

Fig. 13  Novelty effect
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information, as well as irrelevant and redundant information, to prospective user prefer-
ences all at once, without virtual help, obstructing their tailored preferences process. The 
implementation of a semantic-based and virtual assistance-based recommender system 
increases user motivation while also assisting in the development of abilities to meet insti-
tutional needs. Learners and tutors alike considered it enticing for learning and building 
their specialized/educational aids in a simulated dynamic environment to eagerly discover 
attractive and relevant courses. Furthermore, learners and instructors felt more confident 
and competent as a result of the ability to learn and teach syntax courses based on user and 
market demands.

Throughout the experimentation, it was noted that the CT group learners were unin-
terested/tired after choosing unrelated/immaterial courses from the existing choices, con-
sequential decrease in learner/instructor performance in comparison to ET performance/
efficiency. Their slot may have been assigned to other students during the study, or the 
interface may have been down at the quiz time, and there was no online agent to help CT 
learners. While the identical problem that occurred with ET participants while using PS 
during learning was later resolved by virtual representative guidance, and there is less 
percentage of incorrect course choice. Henceforward, all ET participants had higher SL, 
irrespective of students, instructors, or virtual representatives, than CT group participants. 
As portrayed in the factors analysis, the PS users have an SL greater than 50 out of a hun-
dred compared to conventional method participants whose SL was smaller than 50 out of a 
hundred.

Participants in the CT and ET groups reported varying SL while searching required 
material or tutorials using existing platforms (like Google and YouTube) and PS, 
respectively. The participants must choose the appropriate courses/materials using a 
single PS platform in accordance with their interest from the recommended list without 
wasting time searching relevant material from different sources/platforms to complete 

Fig. 14  Comparison of PS and EM
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their educational target on time. Some instructors and/or students may lose their inter-
est because after using a different medium, they may fail to find the required material 
available due to a lack of virtual guidance. In contrast, ET participants used PS platform 
to mitigate issues related to remote learning and increased learners’ interest to get solu-
tions of their queries on time whenever required by ET participants. Because existing 
methods/platforms never provide virtual help and diverse perspective-based materials. 
And PS recommends a list of material according to previous participants’ experience 
with the help of a virtual guided environment. As a result, PS improves their skills and 
motivates ET participants to provide and get high-standard education in the global cri-
sis where all the physical activities were completely suspended. The reasons to experi-
ment for a short period instead of a longer period are; to facilitate institutions to run 
their education system smoothly and to cope with the hurdles of a sudden change in the 
working environment due to Covid-19 and provide assistance to participants to handle 
remote education challenges.

5  Conclusion and future work

The research work is a contextual analysis  and virtually aided agent-based system that 
helps students/tutors to find and select relevant learning/teaching training programs to 
enhance participant’s skills grounded on their benefits and preferences in the lockdown 
situation during Covid-19. As in Covid-19, economic and academic challenges have 
been increased due to the shortage of resources because of the suspension of all kinds of 
export, import, and social contacts with others worldwide. Due to this crisis, it is difficult 
to cope with the highlighted issues globally, and the education sector, in particular, has 
been affected in developing countries. Thus, institutions have to adopt innovative ideas 
and procedures for remote learning, and different available tools like Zoom, MS team, 
Hangouts, etc., could be used for this purpose. The main issue with the adoption of these 
measures during remote learning was that most of the tutors and students have no experi-
ence and familiarity with remote learning. Therefore, the proposed system helped these 
tutors/students for enhancing their skills and knowledge to provide high-quality educa-
tion. Thus, the proposed system takes a number of perspectives into account when select-
ing relevant and inclusive learning content to enhance learners’ abilities, knowledge, and 
online learning methods.

Moreover, two important impacts of the proposed system are: helping students and 
teachers to select suitable advanced courses that develop their knowledge and knowl-
edge in line with their interests and needs. Second, the suggested system addresses 
online user queries to eliminate the gaps in user’s coordination and ambiguity, result-
ing in high-quality teaching. Validation of proposed methods and their comparison 
with other techniques shows that the proposed system strategies have greatly improved 
the abilities and achievements while also greatly improving learning performance (by 
more than 90%) as compared to other traditional ways. Our future research will focus on 
improving the suggested system for dynamically updating syllabus and learning mate-
rial and validating student and teacher performance to increase the quality of online 
education. The proposed system also improved the assessment of students’ knowledge 
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using different artificial intelligence methods to discourage plagiarism-based activates 
during the online examinations.

Appendix A: Questioner

The appendix provides information about questions used for data collection during 
experimental study. Thus, questioner divided into three sections.

Sec�on 1: Demographic Information of Par�cipants

Name:

Qualifica�on:

Teacher:                       Student:                             Virtual Agent:                              Manager:

Gender:
Male Female

Age: <&= 18 Years <&= 25 Years <&= 35 Years <&= 45Years <&= 60 Years

Experience: <&= 2 Years <&= 3 Years <&= 4 Years <&= 5 Years <&= 6 Years

On Campus:

Online:

Then participants fill Sect. 2 to provide review about proposed system performance 
and satisfaction level. Hence Sect.  3 used to identify proposed system novelty effect. 
For Sects.  2 and 3 used five liker scales used selected i.e. 1 = Strongly-Agreed (SA), 
2 = Agreed (A), 3 = Neutral (N), 4 = Dis-agreed (DA), and 1 = Strongly-Disagreed (SD). 
The participants ranked them from 1 to 5 points ranking.
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Sec�on 2: Performance and Sa�sfac�on Level

No. Ques�ons Scaling

SA A N DA SD

Q1 Does proposed system provide easy to understand and manage 
educa�on standard?

Q2 Does proposed system is suitable and less complex to improve online 
educa�on?

Q3 Does proposed system improve student performance during online 
educa�on period? 

Q4 Does proposed system increase mo�va�on of teacher/students  for 
online educa�on?

Q5 Does proposed system reduce effort during online educa�on?

Q6 Does proposed system provide a personaliza�on mechanism to 
support teachers/students in order to facilitate interac�ve online 
educa�on current pandemic situa�on?

Q7 Does proposed system have capability to enhancing coordina�on 
among teachers and students using virtualized environment?

Q8 Does the social enhancement increase using proposed system in 
order to formulate new method?

Q9 Does proposed system increase learnability by providing 
personalized preferences based on mul� perspec�ve ul�mately 
enhance overall standard and quality of educa�on?

Q10 Does user sa�sfac�on facilitate teachers and students to enhance 
their skills, experience and knowledge?

Q11 Does proposed system extract efficiently Seman�c Informa�on for 
accurate any complete personalized preferences?

Q12 Does proposed system is useful and to implement and trained 
teachers an educa�on in virtualized environment?

Q13 Does the preferences predict by proposed system useful preferences 
during online educa�on?

Q14 Does proposed system iden�fy relevant and accurate 
recommenda�ons for higher performance?
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Sec�on 3: Novelty Effect

No. Ques�ons Scaling

SA A N DA SD

Q1 Does proposed system methodology new experience for you?

Q2 Does proposed system capable for iden�fying relevant and unique 
solu�on for personalized preferences in modern way?

Q3 Does you get accurate preferences predic�on list seman�cally using 
proposed approach?

Q4 Does proposed system easy to use and implements desire preferences?

Q5 Does proposed system provide new way a�er text mining and par�cipants 
previous behavior?

Q6 Does proposed system able to reduce gaps among theory and prac�ces to 
implement in real scenario?

Q7 Does proposed system capable to manage and increase informa�on 
seman�cally as compared to exis�ng methods?
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