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Abstract: During the pandemic, people were forced to utilize multiple online learning apps
as platforms, allowing them to continue education. Though many people benefit from online
learning, the public still holds different attitudes toward it. This research examines the impact
of online classes on people’s attitudes, with a primary focus on the shift in attitudes toward
online learning during the COVID-19 pandemic. It encompasses two main questions: 1. How
did the public's attitude towards online learning change during the pandemic on Twitter? 2.
What are the differences in the dynamics of the public's attitude towards online learning on
Twitter during the pandemic compared to the post-pandemic period? Our team employed a
variety of methods to address these questions. They gathered a substantial amount of data and
examined specific tweets to gain more detailed insights. The results indicate a change in
people’s attitudes toward online learning during the pandemic. Initially, many individuals
were not fond of it and had uncertainties. However, as time passed and lockdown measures
continued, people began to accept and enjoy online learning. The perceptions of online
learning differed between the pandemic and post-pandemic periods. After the pandemic,
positive sentiments like the convenience and flexibility of online learning became more
prevalent. These findings are significant as they help understand how people's opinions about
online learning evolved during and after the pandemic and how people accept online learning

as an educational technology.
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Introduction

The outbreak started at the beginning of 2020; by the end of 2022, it had been going on for three
years. Governments are forcing educational institutions, schools, and universities to embrace online
learning to ensure education continues. Zoom, Tencent, and Dingding have emerged as platforms for
online education and are employed in several instances. Classes can be held at home, which is more
convenient and maintains a social distance that successfully stops the virus from spreading. However,
when individuals combine their online learning experiences in secondary schools or universities, they
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will discover that online learning is a somewhat contentious topic. During the pandemic, people were
forced to choose online learning. However, there are numerous issues, such as poor supervision of
student homework completion, lack of self-discipline on the part of the students, and their
abandonment of the class, tiny movements, and cutting of the screen to play games and chat. Teachers
cannot check their students ' attendance because they frequently forget to turn on the cameras.
Considering these issues, some people are ecstatic that offline schooling has resumed following the
outbreak, while others miss online education.

This topic aims to discover what the general public believes about online education and social
media and track any changes in that opinion over time. It is essential to consider whether the general
population embraced online learning during the epidemic, whether attitudes about it altered as the
epidemic progressed, and whether the drawbacks of online learning came to light.

2. Literature Review

The public's attitude towards online learning has significantly shifted during and after the pandemic,
as evident from Twitter discussions. Many users praised the flexibility and accessibility of online
learning, especially in the face of lockdowns and social distancing measures [1]. However, challenges
also surfaced during this period, with some expressing concerns about the effectiveness of virtual
learning, issues with internet connectivity, and the potential impact on students' social development.
As the pandemic subsided, the public's attitude towards online learning on Twitter likely evolved.
Some may continue to appreciate its benefits, leading to its integration into traditional education
systems, while others might advocate for a return to in-person learning [2].

By searching and reading relevant literature, scholars have already shed light on these existing
research interests, including academic performance, mindset change, and limitations of online
learning.

2.1. Academic Performance

On the one hand, the rise of online education has had a significant impact on students' academic
achievement. Students now have a variety of options to visit their favorite websites, owing to the
popularity of social networks. Due to the nature of online classes, the only means for teachers to
observe what students are doing is through the camera, but since the camera can only see students'
faces, it is impossible to obtain an accurate and complete image of what they are doing. Thus,
numerous academics have conducted studies to address this problem.

They discuss the difference between studying Student Learning Outcomes in Online and Offline
Learning during the Pandemic [3]. Learning outcomes are one of the critical indicators of the
effectiveness of learning and the achievement of learning objectives using the result of the Basic
Course of Physics Learning Process to determine the impact of online and offline learning on learning
outcomes. Based on descriptive statistics on research data, there is a difference in the average student
learning outcomes between online learning and offline. But surprisingly, this document revealed a
result that no one expected. In the stereotype, offline learning is perceived to be more effective than
online learning, but the average score of online test results is even higher than that of offline learning.
Along with that, another study utilized the use of quasi-experimental design to prove the same results.
Data were collected from 368 students enrolled in three online and three face-to-face sections of an
introductory-level sociology course. The investigators compare student satisfaction and student
performance on midterm exams and an integrating data analysis assignment [4]. Ordinary least
squares regression is used to evaluate the effect of the different course settings, independent of
demographics and control variables like age and gender. Results indicate that differences in student
performance between the two settings may be accounted for by the presence of a selection effect and
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that student satisfaction does not significantly differ across the two settings. These findings are
interpreted to mean that when online courses are designed using pedagogically sound practices, they
may provide equally effective learning environments.

Both articles utilized comparative and quantitative methods to identify the differences in student
learning outcomes in online and offline learning through quasi-experiments on 18 students. The
results show that online learning is more flexible, feasible, and effective than offline learning and can
be a good option during the pandemic. These two publications are helpful to the project since they
allow for referencing the methodology and using the hypothesis and conclusion to guide further
investigation.

2.2. Mindset Change

On the other hand, online classes also impact students' mindsets concurrently, causing a shift in their
mindset as a result of the epidemic's spread and the abrupt switch from the offline to the online modes,
which they are unaccustomed to. Additionally, some academics have studied this topic in depth.

Due to the COVID-19 epidemic, educational institutions were compelled to switch from traditional
classroom settings to remote learning, providing students and teachers with several psychological and
practical difficulties. The post emphasizes the importance of a positive outlook for overcoming these
difficulties. To benefit from the new educational setting, students needed to modify their attitudes
toward and views of online learning [5]. Another essential factor that evolved in this situation is
motivation. The lack of face-to-face contact and the convenience of a physical classroom made
maintaining motivation a priority. The essay examines methods for retaining students' interest and
motivation, including individualized instruction, engaging technology, and frequent teacher-student
interaction. The third major topic covered in the article is adaptation. Both teachers and students had
to modify their teaching and learning methods to fit the online environment. Adapting curriculum
delivery to remote learning environments required developing digital literacy skills, mastering new
technology, and knowing how to use new software.

The impact of online Internet classes on students is examined in this article using survey data in
Excel. The paper analyzes data from two student groups and discovers that both had generally
favorable or neutral sentiments toward the online learning environment. Reading this literature
provided insight into the public's perception of online classes, serving as a source of material for
subsequent research.

2.3. Limitation of Online Learning

In addition, online learning has several drawbacks, including a decrease in the interaction between
professor and student. A few articles have done extensive research on this subject.

One research used a survey to investigate students' satisfaction with online learning during
COVID-19, especially IT students. In this research, a survey study on IT students' opinions of online
learning during the COVID-19 epidemic is presented [6]. The study investigates how students viewed
the shift to online schooling brought on by the epidemic. The research uses survey data to offer
insights into students' experiences, difficulties, and general satisfaction with this learning modality.
Although students can learn effectively and comfortably online, some difficulties remain. From the
survey data, we can infer that, out of 130 students, 63.8% thought online learning reduced interaction
with professors and friends, 54.6% reflected that it would result in social isolation, and 57%
encountered technical difficulties while learning online. This article shows us one drawback of online
education: it will lessen the student-teacher connection, precisely the subject we should study. It also
provides data on student evaluations of online learning to prove that it is not entirely favorable.
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Another essay discussing the lack of social interaction in online classes has also shown us the same
results. This essay explores the absence of social engagement that online learners encountered during
the COVID-19 pandemic [7]. It draws attention to the difficulties kids have connecting with peers
and teachers and their potential effects on their educational opportunities and general well-being. The
study looks at the causes of the decreased social connection, like technical constraints or a lack of
familiarity with online platforms. It also looks at possible approaches and techniques to improve
social interaction in online classes, highlighting the significance of creating a welcoming and
engaging learning environment for students with little opportunity for face-to-face connection.

3. Methods
3.1. Study Design

This research adopted an observational study design to rigorously delve into the dynamics of public
attitudes toward online learning. The primary objective was to compare these attitudes across two
critical timelines: during the pandemic and post-pandemic.

3.2. Participants

The dataset's backbone consisted of comments sourced from Twitter, one of the world's largest real-
time communication platforms. These comments, acting as reflections of public sentiment, offered a
goldmine of insights into evolving perceptions surrounding online education in unprecedented times

[8].
3.3. Materials and Instruments

Academic Twitter: A specialized tool tailored for rigorous academic exploration on Twitter, it was
instrumental in sifting through the deluge of tweets and extracting comments aligned with the
research topic. [9].

Machine-Driven Classification of Open-ended Responses (MDCOR): Deployed for intricate
text mining and data cleaning processes, MDCOR allowed for sophisticated analysis of the amassed
comments, facilitating meaningful interpretations of public sentiment [10].

3.4. Procedures
3.4.1.Data Collection

Utilizing the capabilities of Academic Twitter, comments bearing the hashtag #onlinelearning were
pinpointed within the specified period from April 29, 2020, to December 31, 2021. From a vast
sample size of 650,000 comments, we strategically selected 4,493 for each of the two periods. The
rationale behind this range was to ensure a dataset that is both manageable for comprehensive analysis
and sufficiently extensive to guarantee robust insights.

3.4.2.Data Loading on MDCOR

The next phase entailed uploading the collected dataset into MDCOR (Fig. 1). The software requires
a minimum of two columns for effective functionality: a unit ID and a column populated with open-
ended responses (in this case, Twitter comments). While an additional categorical or group column
can be beneficial for code associations, it remained optional within the research parameters.
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Machine Driven Classification of Open-ended Responses (MDCOR)

1. File upload information

2. Initial text mining output

£ Downioad all dropped responses

3. Trimming Common words output (if unsatisfied, change number in step 3 and
re-execute steps 2 & 3)

ics output (you can download the plot as *.PNG)

Figure 1: User Interface Platform.

3.4.3. Text Mining/Cleaning

Given the machine-learning prerequisites of MDCOR, certain responses might be rendered unsuitable
for classification if peppered with sparse, unique, or outlier words. Such words tend to distort
probability learning and hinder the association with a latent code. To combat this, we initiated a
process to identify the top 20 most recurring words. From this list, 30% of the most frequent words
were eliminated. Additionally, words bearing synonymous meanings were amalgamated to ensure
cleaner, more precise data. Below are the during-pandemic samples before (Table 1) and after (Table
2) the text mining.

Table 1: Text Mining/Cleaning and Top 20 Most Frequent Words.

words frequency
1 remote learning 1123
2 distance learning 1055
3 learn 963
4 student 856
5 elLearning 718
6 online learning 506
7 much 467
8 have 443
9 online 435
10 teacher 430
11 school 376
12 free 333
13 today 326
14 work 313
15 make 309
16 good 304
17 help 297
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Table 1: (continued)

18 time 289
19 course 268
20 share 261

Table 2: Top 20 Most Frequent Words after Removing the Most Common Words.

words frequency
1 learn 963
2 student 856
3 much 467
4 have 443
5 online 435
6 teacher 430
7 school 376
8 free 333
9 today 326
10 work 313
11 make 309
12 good 304
13 help 297
14 time 289
15 course 268
16 share 261
17 week 261
18 great 258
19 covid 254
20 education 249

3.4.4.Sampling Parameter Selection

Building on our methodological approach, machine learning sampling parameters were defined. In
alignment with recommended best practices, a burn-in phase of 500 was chosen, followed by a
posterior resample of 5,000.

3.4.5.0ptimal Topic Selection via Metrics

A visual metrics plot (Fig. 2.) was generated, spotlighting data patterns and facilitating the
discernment of the ideal number of topics within our comment dataset. This visual tool was
indispensable in guiding our subsequent analytical endeavors.

3.4.6.Optimal Code Selection

Our research then focused on identifying points on the metrics plot (Fig.2.) that indicated the lowest
convergence. These specific points were pivotal in designating the optimal codes for categorization
and in-depth analysis.
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Figure 2: MDCOR Assessment Metrics Showing the Convergence of Two Metrices.
3.4.7.MDCOR Execution

With the cleaned, categorized, and meticulously prepared dataset, the exploration of the comments
was conducted using MDCOR for in-depth analysis. This stage unveiled layered nuances, sentiments,
and predominant themes that resonated within the public discourse during and post-pandemic.

3.5. Data Analysis

Drawing on the meticulous groundwork laid in the procedures, our research transitioned into a
comparative analysis phase. Public sentiments from two distinct periods were juxtaposed: during the
pandemic and post-pandemic. The structured codes and detailed insights teased out via MDCOR were

integral in navigating this phase, enabling a methodical and enlightening traversal of public opinions
[11].

4, Results

Following the deployment of the Machine Driven Classification of Open-ended Responses (MDCOR)
on our dataset, several consequential outputs materialized which offered a magnified lens into the
intricate web of public sentiment regarding online learning.
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4.1. MDCOR’s Outcomes

The primary outcome was a descriptive summary (Fig. 3.), which manifested in visually arresting
word clouds, exhibiting the top 30 pivotal words that mapped onto each code. The word clouds,
besides being an engaging visual aid, held latent indications about the configurations of the codes
they represented. Notably, the proximity or distance between these codes in the box quadrant plane
illuminated similarities or discrepancies in the underlying semantics of these codes [12].

Selected Topic: 0 Previous Topic || Next Topic || Clear Topic Slide to adjust relevance metric:(2)
=1 00 02 04 06 08 10
Intertopic Distance Map (via multidimensional scaling) Top-30 Most Salient Terms'"
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vvvvv h
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2 free
today

work
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5% 1. salienx
a

opics t: see Chuang et. al (2012)
rt & Shirley (2014)

jency(w) * [sum_t p(t | w) * log(p(t | w)/p(t)]
w | topict) =A* plw | 1) + (1-A)* plw | t)/p(w); see S
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Marginal topic distribution

%
(sum_t p(t | w) * log(p(t | w/p(t)] for topics t; see Chuang et. al (2012)
(w|t) + (1- ) * p(w | )/p(w); see Sievert & Shirley (2014)

10%

Figure 3: During & Post-Pandemic Word Clouds and Word Summaries of each Latent Code.

However, of utmost importance was MDCOR’s other key output: a fully classified dataset
delineating all the texts and their associated codes. For an enhanced qualitative comprehension of this
data, MDCOR's user interface showcased a truncated dataset (Table 3) containing the most illustrative
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20 texts per code. The granular examination of these datasets facilitated an enriched interpretation of
the overarching themes prevalent in public discourse [13].

Table 3: Example of Code Classification, Original Text Inputs, and Measures of Fit.

HTMLEDUCATION ELEARNING FREE Learn HTML Introduction to creating your first website

1 V1 1 0.991 Explore how to write 0.991 HTML code to create a website with source code and step by step
instructions Rated 47 stars FREE website professional create code ude httpstcoXC2ilpLzyZ

I cant with people who act like its a big conspiracy that flu numbers were down last year and that

2 V2 1 0.99 theyre back up now 0.99 that regulations have loosened Last year we were told to stay home social

distance wear masks wash hands and we did eLearning Are you serious

Education is the passport to the future for tomorrow belongs to those who prepare for it today

U0001D7EEU0001D7ECU0001D7EEU0001D7EEU0001D7EEU0001D7EF1

U0001D5D4U0001D5F1U0001D5FAU0001D5F6U0001D600U0001D6000001D5F6U0001D5FC

U0001D5FBU0001D600

25914432 | 43
79 3

U0001D5E2U0001D5FDU0001D5F2U0001D5FBAdmissionsOpen admissions202223 School
Admission Open best schools near me nursery CBSE students eLearning The Narayana Group
httpstcoBkXn5uR690

4.2. Themes of “During Pandemic”
4.2.1.0nline Learning and Its Impact on Education

Edtech's Role: There was evident emphasis on EdTech’s pivotal function in buttressing remote
learning during this time of crisis.

Resource Provision: The public heralded the online platforms for providing continual learning
resources during the pandemic.

Pandemic Mitigation: The prevention of COVID-19 spread was underscored, signifying online
learning's salience as a safe conduit to education.

4.2.2.Students and Teachers’ Perceptions of Online Learning

Predominantly Positive: The sentiment skewed towards positivity, with participants acknowledging
the platform's efficacy in ensuring academic continuity.

Sustenance of Interactions: Despite physical disconnect, online learning platforms successfully
bridged the interactive chasm, allowing for ongoing teacher-student engagements.

4.3. Themes of “Post-Pandemic”
4.3.1.0nline Learning as Educational Technology

Technological Development: Conversations were rife about the evolution of platforms, software,
and coding infrastructures, serving as the linchpins of online education.

Diverse Applications: The scope of online learning tools was noted to have broadened, finding
applications beyond just academics and venturing into the educational business sphere.

4.3.2.Primacy of Education

Dedication's Dividends: A prevailing sentiment suggested that individuals who assiduously engaged
with online studies during the pandemic stood in a better stead in the post-pandemic world, compared
to their less-driven counterparts.

Sustenance and Connection: The tools, especially EdTech, were lauded for keeping the flame of
learning alive during COVID-19, acting as the nexus between students and educators.
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4.3.3.Regulatory Backing and Online Education

Positive Resonance: The feedback around regulations supporting online learning was
overwhelmingly positive.

Systemic Fortification: Such regulations were perceived as keystones in constructing a robust
educational architecture bolstered by online learning modules.

4.4. Interpreting the Findings

Synthesizing these delineated themes, an overarching narrative emerged. The populace, overall,
harbored favorable inclinations towards online learning. The unforeseen challenges posed by the
pandemic didn't merely underscore the value of EdTech and online platforms as interim solutions.
Instead, they highlighted their importance as permanent pillars in a progressively evolving academic
landscape.

The experiential lessons from the pandemic, coupled with the insights extracted from our dataset,
paint a clear portrait: in the post-pandemic epoch, online learning and EdTech are not transient
phenomena. They are cherished, embraced, and considered foundational to a resilient and
encompassing educational ecosystem.

5. Discussion

Online learning, shifting from a temporary means of keeping students on track during epidemics to
prevent breakdowns and disturbances in the education system to a long-lasting, friendly educational
technology, attracts people’s attention from merely discussing what advantages it brings to how to
improve its efficiency maximally, although online learning platforms that existed before the epidemic,
such as Coursera. In order to achieve this goal, researchers are drilling to discover factors that affect
people’s attitudes towards online learning and provide a reference for future online learning by
conducting an empirical study through a database and making quantitative analysis allowing for the
measurement and organization of all dimensions to illustrate some complex concepts such as what
are the characteristics of effective online teaching and learning.

A wide variety of factors exert significant influence on the efficiency of online learning, ranging
from students’ self-discipline to teachers’ teaching, including the mastery of online teaching
techniques and the elaborately designed teaching activities predisposed by teachers. The ultimate
efficiency of online learning is often adversely affected by inadept manipulation implemented by
teachers who often waste time troubleshooting the equipment, realize there is no share screen halfway
through the lecture, and frequently ignore the chat box, which may distract students’ attention from
the class. In order to address such awkward situations, what teachers are supposed to do is have
complete class preparation and combine the features of online learning platforms with some in-class
activities that can energize the learning environment, giving students a better experience and
increasing their sense of participation.

5.1. The Promising Future

This research aims at researching the attitudes of the public towards online learning, which is a radical
new way of learning because it represents an advance in technology. The result of this program
provides a reference model for future technological products to simulate the acceptance of new
technology, which can also be adopted by the government, which may issue a series of policies to
improve the popularity of this new technology and manipulate the boundaries of how this technology
can be used or by some researchers who improve the quality of technology and optimize the
shortcomings to meet customers’ demands.
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In addition, the result also provides a comparison among online learning platforms, which includes
the data of sentiment analysis, which can be applied to a further model to evaluate people’s comments
in the forums of the learning platforms, creating a more accommodating social software environment
for the more effective removal of negative sentiment by allowing researchers to compare different
sentiment derived from distinct people related to various platforms. What’s more, this result also
discovers the disadvantages of each online learning platform and proposes how to improve them.

5.2. Limitation

Admittedly, this research indeed has some drawbacks because it is unavoidable to have subjective
opinions held by different people who undeniably decode the same thing into different meanings.
Besides, for comments online, many people may have passive-aggressive behavior due to language
barriers-which are often caused by second language acquisition, which interferes with people whose
first language is not English to express themselves accurately and appropriately in English. Another
unneglected drawback is big data handling, which results in generalized data so that these results will
not be targeted since the data collected is merely from a single platform, which may show an iceberg
of the whole picture.

6. Conclusion

The methodology of this study uses the MDCOR software layer sequence based on the r-language,
analyzing data in terms of three aspects: sentiment analysis, topic modelling, and word frequency by
means of extracting 5,000 comments from the huge database of 650,000 comments in the first six
months and the second 6 months of the epidemic, providing answers of questions of this study, "How
did the public's attitude towards online learning change during the pandemic on Twitter?", "How
about post-pandemic? How about post-pandemic?” and "What are the differences between during
pandemic and post-pandemic?”. Overall, online learning after the pandemic has been attached to great
importance since it not only serves as a crisis response to minimize the adverse effects but also as an
integral part of a more resilient and inclusive education system.

The result of this research provides people with a predictive model for the future acceptance of the
public and an optimized plan for online learning platforms.

Acknowledgement

Zixi Wu, Xinyue Fei, Baoyan Liao, and Yiyao Huang contributed equally to this work and should be
considered co-first authors.

References

[1] Clary, G., Dick, G., Yagmur Akbulut, A., &amp, Van Slyke, C. (2022). The after times: College students’ desire to
continue with Distance Learning Post pandemic. Communications of the Association for Information Systems, 50(1),
122-142. https://doi.org/10.17705/1cais.05003

[2] Mukhtar, K., Javed, K., Arooj, M., &amp; Sethi, A. (2020). Advantages, limitations and recommendations for online
learning during COVID-19 pandemic era. Pakistan Journal of Medical Sciences, 36(COVID19-S4).
https://doi.org/10.12669/pjms.36.covid19-s4.2785

[3] Kamalia, P. U., Sakti, N. C., & Kurniawan, R. Y. (2022). Comparative study of student learning outcomes in online
and offline learning during the pandemic. ZJORER : International Journal of Recent Educational Research, 3(6),
662-671. https://doi.org/10.46245/ijorer.v3i6.256

[4] Article 2: Driscoll, A., Jicha, K., Hunt, A. N., Tichavsky, L., & Thompson, G. (2012). CAN online courses deliver
in-class results? Teaching Sociology, 40(4), 312—-331. https://doi.org/10.1177/0092055x12446624

[5] Von Goble, B. (2022). Distance learning: Mindset, motivation, and adaptation in the covid era. European Journal
of Open Education and E-Learning Studies, 7(1). https://doi.org/10.46827/ejoe.v7i1.4130

161



6]

[7]
8]

[9]
[10]

[11]

[12]

[13]

Proceedings of the International Conference on Global Politics and Socio-Humanities
DOI: 10.54254/2753-7048/45/20230385

Anuradha & Nadeeshika (2020). Students’ Perception of Online Learning during COVID-19 Pandemic: A Survey
Study of IT Students.

Azmat , M., & Ahmad, A. (2022). Lack of Social Interaction in Online Classes During COVID-19.

Matthew A. Russell & Mkihail Klassen, Mining the Social Web: Data Mining Facebook, Twitter, LinkedIn,
Instagram, GitHub, and More, 3rd Edition (O Reilly, 2019). Tools

Barrie, C., &amp; Ho, J. (n.d.). Intro. to Academictwitter. https://cran.r-
project.org/web/packages/academictwitteR/vignettes/academictwitteR-intro.html

Gonz&8ez Canché M. S. (2023). Machine Driven Classification of open-ended responses (MDCOR): An analytic
framework and no-code, free software application to classify longitudinal and cross-sectional text responses in
survey and Social Media Research. Expert Systems with  Applications, 215, 119265.
https://doi.org/10.1016/j.eswa.2022.119265

Gonz&8ez Canché M. S. (2022). Network Analysis of Qualitative Data: An Integrative Software Application to
Visualize and Assess Similarities in Participants’ Qualitative Contributions. Journal of Mixed Methods Research,
16(3), 373-377. https://doi.org/10.1177/15586898211051584

Gonz&8ez Canché M. S. (2023). Latent Code ldentification (LACOID): A Machine Learning-Based Integrative
Framework [and Open-Source Software] to Classify Big Textual Data, Rebuild Contextualized/Unaltered Meanings,
and  Avoid  Aggregation Bias. International Journal of  Qualitative Methods, 22.
https://doi.org/10.1177/16094069221144940

Gonz&d8ez Canché M. S. (2022). Mapping, Organizing, and Visualizing Interdependent Events (MOVIE): A rigorous
analytic framework and cost-free software application designed to model temporal and dynamic complex realist
structures in  social research  settings. Methodological Innovations, 15(3), 263-288.
https://doi.org/10.1177/20597991221119012

162



