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Abstract Finding the most dominant and pertinent user opinions on a certaintopic is crucial to the sentiment analysis success factor. During the pandemiclockdowns around the world, the suspension of academic institutions leads toan exceptional increase in distance education. Academic institutions closed theircampuses immediately to mitigate the effects of COVID-19 and prevent its perva-sive spread, and educational activities were shifted to online platforms. The ef-fectiveness of online education is a significant topic of interest for both studentsand their parents, especially in terms of how students and teachers perceive itand how technologically viable it is in a range of social circumstances. Beforesuch a wide adoption of e-learning is possible, these issues must be analyzedfrommultiple perspectives. The present research aims to evaluate the efficacy ofe-learning by examining individuals’ perceptions of it. Opinions can be found onwebsites such as Instagram, Facebook, Twitter, etc. As social media has recentlyemerged as a significant means of communication. This study addresses factorsconnected to a significant change in the educational system. 200,000 tweets weregathered from Twitter to evaluate the opinions of Twitter users who were takingpart in online learning. This study adopts VADER to analyze the subjectivity andpolarity score of tweets, a topic model was also created using the LDA algorithmto determine the themes that were talked about on Twitter themost. Themodelshave been constructed and evaluated using Word2Vec to capture the semanticrelationships between words and LSTM and RNN sequential model for sentimentanalysis. This study measured the efficiency of a sentiment analysis model usingthe accuracy metric, the conducted experiments reveal that the proposed hybridmodel achieves an overall accuracy of 96.3%. The results also indicate a signif-icant negative impact of the Covid-19 pandemic on individuals’ emotions, with64.4% of the analyzed tweets displaying negative sentiments. These findings pro-vide valuable insights into the relationship between global events and individualemotions on social media platforms.

*Correspondence Author Email Address:

VAWKUM Transactions on Computer SciencesVAWKUM Transactions on Computer SciencesVAWKUM VAWKUM Transactions on Computer SciencesTransactions on Computer SciencesVAWKUM Transactions on Computer SciencesVAWKUM Transactions on Computer SciencesVAWKUM Transactions on Computer SciencesVAWKUM Transactions on Computer SciencesVAWKUM Transactions on Computer SciencesVAWKUM Transactions on Computer SciencesVAWKUM Transactions on Computer SciencesVFAST Transactions on MathematicsVAWKUM Transactions on Computer SciencesVAWKUM Transactions on Computer SciencesVAWKUM Transactions on Computer Sciences  

 

 

VAWKUM Transactions on Computer Sciences 

 

http://vfast.org/journals/index.php/VTCS@ 2023 ISSN(e): 2308-8168, ISSN(p): 2411-6335 

2k20mscs121@nfciet.edu.pk; aqsa.rehman1995@gmail.com

184

Volume 11, Number 1, January-June 2023                        pp: 184-203

The Impact of COVID-19 on E-Learning:
Context-Based Sentiment Analysis
Discourse Using Text Mining
Aqsa Rehman1*, Naeem Aslam1, Kamran Abid1, Muhammad Fuzail1,
Asif-Ur-Rehman2

1Department of Computer Science, NFC Institute of Engineering and Technology, Multan,Punjab, Pakistan; 2ERMAKSAN, Bursa, Turkey

2k20mscs121@nfciet.edu.pk
aqsa.rehman1995@gmail.com


VAWKUM Transactions on Computer Sciences

1 Introduction
Twitter has become one of the most prominent social media platforms, allowing users to convey theirviews, opinions, and feelings regarding an event or incident through tweets. Not only has it provided allthe necessary information, but it has also made it possible for people to speak freely about their perspec-tives. It has provided a forum for the average citizen to express his opinions and viewpoints. Thus, socialmedia could be regarded as one of the finest methods for monitoring public opinion. The 280-characterlimit on tweets encourages users to convey themselves concisely. This brevity makes it simpler to extractand analyze tweets’ sentiment, as they tend to include clear expressions of sentiments or thoughts [1].Because of the widespread of COVID-19, it has become vital for us to make adjustments to our social livesto better protect ourselves from the virus [2]. while continuing our regular routines. Education is one ofthe most severely impacted sectors by the pandemic. Owing to the bad circumstances that transpiredduring the pandemic, governments throughout the globe halted face-to-face schooling, and for a while,online schooling took its place. People’s reactions to such an unexpected event on such a wide scale weremixed. Some felt the new method would benefit students, while others condemned it and pointed outthe limitations of remote education [3]. People largely voiced their ideas on internet channels due to so-cial isolation during the outbreak. Throughout the pandemic, Twitter remained quite popular. Since eachtweet contains diverse types of material, including limits, Twitter sentiment analysis is a complex methoddue to slang, hyperlinks, emoticons, and hashtags [4].Collecting textual information about the Coronavirus (COVID-19) in the educational sector presents adifficult task. The current study explores the subjective aspects of e-learning-related textual data. It iscrucial in today’s difficult atmosphere to use textual data to analyze comments and people’s emotions onsuch platforms. Routine educational activities were suspended as a result of the COVID-19 pandemic’s in-fluence on the world’s educational system. Additionally, it is challenging to convert suchmassive amountsof unstructured textual input into structured data and extract pertinent information from it [5]. It is es-sential in today’s difficult circumstances to evaluate comments and people’s emotions on such platformsbased on textual data. The COVID-19 pandemic affected theworld’s educational systemand forced the sus-pension of regular educational activities. A tough process that necessitates cleaning, text transformation,and dimension reduction to choose meaningful and pertinent content is the conversion of such massiveamounts of unstructured textual data into structured data and the extraction of valuable information fromsuch data. Evaluation quality is the primary criterion for determining the validity of an evaluation. As aresult, analyzing this data is essential for establishing the impact of the educational environment and forgiving educational institutions better feedback so that they can raise the quality of their services [6].The proliferation of COVID-19 altered people’s daily routines, shifting them from living, traveling, andworking to social connections. The education system, like many other sectors, is experiencing major impli-cations that impact students, instructors, and institutions worldwide. Amid the global lockdowns due tothe COVID-19 pandemic, traditional brick-and-mortar educational institutions have been shuttered, lead-ing to a shift towards digitalization and an unparalleled increase in remote learning. E-learning, oftenknown as online learning, is the process of learning in a synchronous or asynchronous environment whileusing a mobile device that has internet access, such as a laptop, phone, or tablet, among other things[7]. It is anticipated that the transition from conventional educational methods to online platforms wouldbe slow and may provide some difficulties. Despite the advantages, obstacles associated with the shift-ing process may prevent online education from reaching its full potential. Numerous research endeavorshave been conducted to assess the efficacy and benefits of online learning in comparison to traditionalpedagogical approaches. The benefits encompass an increased scope of educational outreach, enhancedaccessibility, and autonomy from temporal and spatial constraints, alongside accelerated learning velocity.In contrast, e-learning faces several major challenges that pose substantial risks in comparison to tradi-tional classroom teaching methodologies. the lack of communication technology infrastructure, the highcost of tools and gadgets, the lack of technical expertise among teachers and students, and the necessarycultural transformation are one of the obstacles to effective and successful online education. The lackof communication technology infrastructure, the high cost of tools and gadgets, the lack of technical ex-pertise among teachers and students, and the necessary cultural transformation are one of the obstacles
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to effective and successful online education. The COVID-19 pandemic had a significant impact on educa-tion worldwide [8], resulting in the suspension of regular instructional practices. A significant number ofstudents enrolled in various educational and training programs were unable to participate in in-personclasses. A vast number of educational and instructional establishments worldwide have transitioned theirpedagogical practices to various electronic learning platforms and communicationmodalities. Online edu-cation offers substantial benefits in both pedagogy and learning, while also serving as a critical foundationfor the worldwide education system amidst the ongoing COVID-19 pandemic. When transitioning from tra-ditional in-person teaching to online learning [9].It must be demonstrated that e-learning is at the very least an excellent alternative to traditional ed-ucation, if not superior. Other research has concentrated on the COVID-19 issue based on comparableefforts [10]. Using Twitter data to raise community awareness of the COVID-19 epidemic [11]. Conducteda study that looked at the perspectives of the government, organizations, and individuals on Twitter dur-ing the epidemic. During the shutdown, the authors evaluated Twitter as a cross-language platform forEuropean nations. [12] Given such complexity, Natural Language Processing (NLP) approaches are quiteuseful for developing various solutions [13]. One of the most prominent NLP research fields nowadays issentiment analysis [14], which is used in a variety of fields, including recommender systems, data-drivensystems, healthcare research, and others. Due to the popularity of social media, massive volumes of dataare created on the Internet every day. People submit their opinions on a variety of social networking sites,including YouTube, Twitter, and Facebook. By examining these postings, one can draw interesting andbeneficial conclusions as well as create goods. Because of the influence, these reviews have on both prod-uct deals and people’s opinions [15] which have an impact on third-party vendors on shopping sites [16].Unfortunately, creating such forecasts is a difficult task since channel oversaturation with the materialmakes it difficult to convert and connect. It becomes exceedingly challenging to conduct a full sentimentanalysis with this type of unfiltered content, which comprises typos, links, emoticons, and grammaticalerrors.The COVID-19 epidemic has had a tremendous influence on the global education industry, promptingschools and universities to use remote teaching and learning approaches. Although online education hasbeen accessible for some time, the quick transition to online learning during the epidemic has broughtnew obstacles for both instructors and students. The usefulness of online teaching, particularly duringthe epidemic, is still being debated by scholars and educators [17].The key objectives of our study are to use Deep Learning models to assess the sentiments of tweets[18], to inquire about the influence of the epidemic on the school system, and to examine the social im-pacts of remote learning on people. By evaluating social mediamaterial connected to remote learning, thegoal is to assist management companies in the development of educational systems and to allow peopleto correctly map emotions throughout the pandemic. To do this, sentiment analysis was performed usingTwitter data [3]. The emotion of each statement was intent on, and polarity values were computed. Pre-processing, tweet categorization based on polarity values, content-based classification of data, trainingmodels with RNN, LSTM, Hybrid (LSTM-RNN) [19], and model optimization via hyperparameter modifica-tions were used to collect a collection of English tweets on remote learning.This study contributes to the existing body of knowledge by presenting a thorough analysis of the opin-ions and emotions of individuals towards e-learning during the Covid-19 pandemic. By leveraging thepower of natural language processing techniques, this study offers a unique perspective on the efficacyand reception of online education in the context of a global crisis. The study has several notable contribu-tions to the literature:
• The study utilized a huge dataset of 200,000 tweets obtained from Twitter, which represented acomprehensive discussion on e-learning during the outbreak. This study intended to give completecoverage of the whole pandemic duration, in contrast to existing datasets that are limited in size andcover only short periods. As a result, collecting Twitter data from scratch resulted in the creation ofa unique dataset that provides a solid foundation for analyzing public opinions around this criticaltopic.• Instead of depending on positive and negative word counting, sequential models (RNN, LSTM, and
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a Hybrid LSTM-RNN) were used to capture context-based sentiment analysis in this study. The com-parison of these models revealed that the hybrid LSTM-RNN strategy produced greater accuracy,allowing for a more sophisticated comprehension of emotions and viewpoints conveyed in socialmedia content.• The research utilized a combination of VADER for sentiment classification, LDA for topic modelling,and Word2Vec to extract semantic word associations. The hybrid methodology was become evenmore effective by the use of context-based sentiment analysis adopting sequential models.• The suggested hybrid LSTM-RNN model attained an overall accuracy of 96.3% in sentiment analysis,illustrating the model’s competence in capturing and understanding emotions and opinions statedin social media content.• The analysis determined that 64.4% of the studied tweets contained negative emotions about e-learning during the Covid-19 outbreak. This study is important because it sheds light on the difficul-ties and potential pitfalls connected with the mass adoption of online education amid a worldwidecrisis.• The research findings can be helpful for academic institutions, policymakers, and educators in un-derstanding the perceptions and insecurities of students and teachers, allowing them to developstrategies to deal with these problems and improve the overall effectiveness of e-learning.
Overall, this research papermakes a substantial contribution to the existing literature on e-learning sen-timent analysis during the Covid-19 pandemic by shedding light on the relationship between global eventsand individual emotions on social media platforms. The custom dataset, context-based sentiment anal-ysis approach, and innovative methodologies used in this study, including the comparison and selectionof the hybrid LSTM-RNN model, establish a benchmark for future research in the domains of sentimentanalysis and educational technology.To begin, although multiple studies on sentiment analysis of tweets at COVID-19 [20], most of themconcentrated on a specific region or nation. As a consequence, there is a need for research that cov-ers a greater geographic region to provide a more comprehensive understanding of people’s sentimentsthroughout the pandemic. Second, current sentiment analysis research has mostly relied on basic ap-proaches of machine learning such as SVM and Naive Bayes [21]. Yet, considering recent developmentsin deep learning, more research into the usefulness of using deep learning models for sentiment analysisof Twitter data during the pandemic is required. Lastly, although most research has focused on smallerdatasets for sentiment analysis, there is an urgent need for larger and more comprehensive datasets ca-pable of capturing the full range of emotions expressed on Twitter. This research gap makes buildingtrustworthy and robust sentiment analysis models challenging, limiting their potential effect in gaugingpublic opinion and directing decision-making during the pandemic. Closing these study gaps will resultin a better understanding of public sentiment during the COVID-19 outbreak [22], as well as insights forpolicymakers in developing effective communication approaches to address public concerns and anxiety.

2 Related Work
Depression in Bangla social media was analyzed using LSTM Deep Recurrent Network. This study useda small dataset of Bangla social media to show how hyper-parameter tuning might help depression re-search. With stratified datasets with repeated sampling, LSTM 5 layer of 128 units size with 25 batch sizes,0.0001 learning rate over 20 epochs, the accuracy of depression detection is high. This discovery will helpresearchers and other psychologists identify sadness in virtual social interactions and reduce depression-related behaviors [23].Three text features TF-IDF, Bag ofWords, andWord2Vec used to vectorize the Turkish dataset formodelapplication. The author comparesmachine learning and deep learningmethods, results to see if social me-dia can help disaster management. Deep learning was more accurate findings which showed that socialmedia may help understand disasters and make decisions [24]. Recently, CNN ensembles are comparedto LSTM RNNs. In addition, compare the Word2Vec and GloVe models to analyze such algorithms usingSemEval data. Using their best score values, various tests and combinations are utilized to comparemodel
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Table 1. Related Work
Ref Year Model Dataset Accuracy Aim Limitation
[23] 2019 LSTM Bangla Tweets 86.3% Depression anal-ysis Bangla language is used
[24] 2019 word2vec andMLP 3000 rows ofTurkish tweets 81.86% Opinion mining Accuracy is not signifi-cant, small dataset used[25] 2019 CNN and LSTM Tweets fromsemantic evalu-ation

59.0% Sentiment analy-sis Albanian languagetweets are used, Accu-racy is not significant[26] 2019 Naive Bayesand SVM 13,000 tweetsof product re-views
93.54% product reviewsSentiment analy-sis

The study is not aboutthe sentiment analysis ofonline education[27] 2020 LSTM and CNN 63,000 senti-ment corpusfor Arabic text
90.75% Arabic sentimentanalysis Specific to the Arabiclanguage, only 2.5% ofinternet-using language[28] 2020 Multi-layerLSTM 27,357 tweets 82.4% COVID-19 Senti-ment analysis Not significant Accuracyand tweets of COVID-19general[29] 2021 Naive-basedclassifier(model)

90,000 tweetswere generatedto discuss thefindings

83.5% Sentiment analy-sis impact of thepandemic on ed-ucation

Topic modeling not per-formed and has no signif-icant accuracy
[30] 2021 Dictionary-based ap-proach

From Google,154 articleswere collected
90.0% Opinion Miningon online edu-cation duringCOVID-19

Study used a machinelearning approach

performance. The performance, advantages, and drawbacks of the aforementioned sentiment analysismethods are examined in this study utilizing a unified testing framework, identical datasets and computa-tional environments [25].Categorizing product reviews by using machine learning models give good results. For camera reviews,98.17%accuracy of NB and 93.54%accuracy occurred SVM (Support VectorMachine) [26].Arabic sentimentanalysis uses a deep learning model that expertly mixes a CNN one-layer architecture with a two-layerLSTM. This model well performed in recall, precision, F1-Score, and accuracy on a multi-domain corpus,scoring 89.10%, 92.14%, 92.44%, and 90.75%. Following a rigorous evaluation of emotion categorizationembedding approaches in Arabic, the FastText model was shown to be better for learning semantic andsyntactic information.The suggested KNN and NB classifiers model is evaluated. The findings show that the best classifieris SVM, improving accuracy by 93.92%. Word embedding with WordNet’s lexical database may increasequality [27].Deep learning models are used to analyze COVID-19 tweets to determine how from variouscultures people reacted to the virus and the measures implemented by various nations [31]. The senti-ment140 dataset has been trained to predict emotions and sentiment classification from retrieved tweets,deep long short-term memory models were applied with cutting-edge accuracy. Emoticons were used toassess Twitter tweet-based supervised deep learningmodels categorized sentiment polarity and emotionsusing a multi-layer LSTM model [28].Opinion mining, or sentiment analysis, extracts people’s ideas, feelings, and opinions about a subjectfrom massive amounts of unstructured data. Sentiment analysis in many languages has been studiedrecently. NLTK andNaive Bayes Classifier analyzed 90,000 informative COVID-19 tweets for sentiment [29].In another study to evaluate online learning sentiments, pandemic news and blogs were monitored. Web-scraping and to assess online learning contents. Dictionary-based with lexicon-based text mining detects154 online learning articles on Google and other sites like reviews and blogs. Results showed positive but
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cautious opinions regarding online education in low-polarity public digital media. Even while blogs weremore subjective than news pieces, the low overall subjectivity ratings suggest an evidence-based methodfor promoting public policy conversation through digital media [30].

3 Methodology
In this paper, we present a method for sentiment analysis. It is composed of the five primary components:
1. Snscrape data collection: We use the Snscrape library to collect Twitter data from scratch. Withthe help of this tool, tweets can be efficiently and completely extracted, creating a rich dataset foranalysis.2. Pre-processing: This part consists of core linguistic operations, creating a collection of customfeatures and a representation of word embedding. Through preprocessing, our dataset is well-structured and prepared for subsequent analysis.3. Supervised Labeling with VADER: To categorize the collected tweets, we utilize the pre-trainedmodelVADER for sentiment analysis, which offers accurate results for identifying sentiment in social mediamaterial.4. LDA Topic Modeling: Our strategy uses LDA for topic modeling to discover underlying data themes.5. LSTM-RNN and Word2Vec: For sentiment classification, our method takes advantage of the LSTM-RNN algorithm’s capacity to represent long-range dependencies. Using Word2Vec embeddings asinput, we successfully extract semantic information, hence enhancing the precision and efficacy ofour sentiment analysis algorithm.
The current study used pre-trained models to label the data, topic modeling to specify the mostfrequently used words to determine the themes that were talked about on Twitter the most and adeep learning-based hybrid model is used for sentiment analysis to investigate pandemic effects onthe educational system. Figure.1 illustrates the proposed system architecture utilized. The workflowcommences from dataset extraction from Twitter into a CSV file which is conducted based on the selectedkeywords string initial stage of the investigation involves ascertaining. The next phase is through severalpre-processing steps such as removing duplicates, removing stop words, tokenization, and lemmatizationdataset cleaning performed.Further, The VADER tool [32] is utilized to annotate the data by assigning sentiment labels that corre-spond to the text’s emotional tone negative and positive. The dataset that has been labeled is partitionedinto distinct sets for training and testing deep learningmodels. These sets are utilized to train and evaluatethe performance of the models. In this regard, LDA topic modeling [33] is performed to identify the topicsthat have been discussed on the social media platform. After that classification process, its outcomes,and the associated learning mechanisms RNN, LSTM, and LSTM-RNN architectures are evaluated. In thesubsequent section, a concise description of each phase is provided.

3.1 Tweet Dataset Collection
In the study, the dataset was collected utilizing the Snscrape library [34], a Python program that is open-source and facilitates connection to the Twitter database and scrap tweets from Twitter. During the con-struction of the corpus, the following English keywords were utilized: “distance education”,” covid-19”,“e-learning”, “online education”, and “distance learning” We have gathered a total of 200,000 tweets aboutonline education during Covid-19 and the tweets timeline is between ‘2019-01-01’ and ‘2022-05-05’. Table.2shows a collected tweets sample.
3.2 Data pre-processing
Data processing is required for data analysis which removes unnecessary acquisition of additional knowl-edge to enhance the efficacy of classification models and get accuracy. Tweets frequently contain extra-neous content, surplus verbiage, and disorganized syntax and expressions, attributable to the inclusion
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Figure 1. Proposed system architecture

Table 2. Tweet sample of online education
Raw tweets
@JamesDeanBoyd@mrcleancousin @mightyzoWhat? Quality of education, of health, of lives because of the idiocyand complacency in the pandemic responseâ€¦ what HASNâ€™T Kenneyâ€™s government negatively affected?@realreporter A friend is just getting over Covid. She did some reading and figures she is good for 6 months andcan travel all summer without taking precautions. Covid education for the general public is sadly lacking. Weâ€™rescrewed!

190



VAWKUM Transactions on Computer Sciences

of non-standard vocabulary, malformed lexemes, acronyms, and erroneous syntax. Superfluous informa-tion refers to data that either has no contribution or very little contribution to predicting the target class.Such data can introduce unnecessary computational complexity, which may degrade the performance ofclassification models if no preprocessing is carried out or if it is preprocessed improperly. This under-scores the need for effective preprocessing to mitigate the impact of superfluous information and reducethe computational power required [35].Thus, data cleaning or preprocessing [36] is required before analysis. For these reasons, it is necessaryto make the text ready for analysis. Because whereas almost every tweet contains superfluous informa-tion such as emoticons, symbols, hashtags, and punctuation, it is necessary to filter them out. Severalpreprocessing techniques were applied to get a clean dataset. The first step is to clean up the noisy databy deleting any expressions that are unnecessary or useless for sentiment analysis. Many symbols havebeen eliminated using this technique, including emoticons, punctuationmarks, usernames in Twitter textsthat begin with the @sign, and links in text content that begin with "HTTP." After these steps, the text’s en-tire content was converted to lowercase letters, and the beginning and end spaces were removed. UsingPython’s NLP package [37], tweets data were preprocessed for this investigation. Links, HTML (HypertextMarkup Language) components, and punctuation are removed once the text has been converted to low-ercase. After applying lemmatization techniques to tidy up the text, stop words are removed at the end.After that, all tweets were removed which contain less than three words and sample tweets are shown inTable.3.
Table 3. Before and after pre-processing tweets
Raw tweets After preprocessing
@JamesDeanBoyd @mrcleancousin @mightyzo What?Quality of education, of health, of lives because of theidiocy and complacency in the pandemic responseâ€¦what HASNâ€™T Kenneyâ€™s government negatively af-fected?

quality education health life idiocy complacency pan-demic response kenney government negatively affected

Post-Pandemic we have learned how online educationand communication is an effectivemodality for learning.Keep it Innovative, Creative, and Accessible to all! @md-cpsdigiteam@SuptDotres #innovativeED#remotelearn-ing #onlineeducation #onlinelearning

post-pandemic learned online education communica-tion effective modality learning keep innovative creativeaccessible

3.3 Tokenization
Tokenization is the process of breaking up a large block of text into smaller tokens [38]. Tokens are thefundamental linguistic building elements that consist of words, subwords, and characters. As tokens arethe fundamental units of Natural Language, token-based processing is the most common approach forprocessing unprocessed text. Three of the most prevalent deep learning architectures for NLP, RNN, GRU,and LSTM, also execute token-level analysis of the raw text. Using a tokenizer, unstructured data and textwritten in natural language are broken down into discrete informational components.The token occurrences of a document can be used to generate a vector representing the document.Instantaneously, an unstructured string (text document) is converted into a numerical data structure suit-able for machine learning. The most fundamental step in processing textual data, tokenization involvesidentifying the words that comprise a series of characters. This is significant because the text’s meaningcan be easily determined by analyzing its terms (Webster & Kit, n.d.). Before removing stop words fromthe study, tokenization was performed [39].
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3.4 Word embedding
The utilization of a vector spacemethodology for text representation has been primarily employed for doc-ument representation and has more recently been expanded to encompass word or term representation.This approach serves as the fundamental basis for achieving effective text representation. Neural lan-guage models were developed utilizing word embeddings and word vectors sourced from the Word2Vectoolkit [40]. Word embeddings are representations in a linguistic vector space that aim to preserve bothsemantic and grammatical relationships among words. Word embeddings are commonly referred to asword representations, as noted in reference [41]. The Word2vec tool offers two distinct architectures torepresent words in a multi-dimensional space. These architectures are known as the continuous bag-of-words (CBOW) model and the skip-gram (SG) model. The Continuous Bag-of-Words (CBOW) model aimsto learn embeddings by predicting the target word within a given text, in relation to the context word. TheSkip Gram model employs a distinct approach from CBOW to predict the contextual words based on agiven target word. The Word2Vec model employs the Continuous Bag-of-Words (CBOW) architecture toderive concept categorization through the vectorization of words. The entirety of the sanitized trainingdata was utilized in generating word embeddings, with a designated vector size of 100. The minimumthreshold for inclusion in the Word2Vec model is set at 5, thereby disregarding words that have a fre-quency of fewer than 5 occurrences. A window size of 5 indicates that the maximum allowable distancebetween the target word and any other contextual word within a sentence is 5. Four workers were chosento facilitate faster training of the trained model through threading.
3.5 Sentence level sentiment polarity calculation
In the subsequent phase, a lexicon-based sentiment indicator is used to compute the polarity score of thetweets. To accomplish this, we fine-tuned tweet content on a newly generated dataset and used the pre-trained VADER model to determine whether each tweet is a positive or negative sample shown in Table.4.This allowed for the identification of tweet emotion classifications shown in Figure.2.
Table 4. Before and after pre-processing tweets
Tweet Sentiment
quality education health life idiocy complacency pandemic response kenney government negativelyaffected negative
post-pandemic learned online education communication effective modality learning keep innova-tive creative accessible positive

1. Initially, each term present in the documents comprising the dataset was treated as a separate word.2. Then, these words were matched against two distinct vocabularies of positive and negative Englishterms. When the number of positive words exceeded the number of negative words, a tweet wasdeemed positive. In contrast, it was labeled negative if the number of negative terms was greater.This method insured that each tweet’s sentiment was accurately categorized.
In accordance with the purpose of our study, we divided the tweets into positive and negative cate-gories and disregarded neutral comments, as previously stated. As shown in Table.5, this phase resultedin the classification of 200,000 tweets, of which 69,477 were classified as positive and 126,119 were classi-fied as negative.Each word in the input text is assigned a sentiment score based on its valence and intensity, and thetext’s overall sentiment is determined by aggregating these scores using a set of heuristics. The polarityscore is calculated by dividing the sumof individual words’ valence scores by a normalizing factor. A word’svalence score indicates its emotional intensity, ranging from -4 (most negative) to +4 (most positive), with0 representing neutrality. Each sentiment term is assigned a valence value in the sentiment lexicon usedin our study. In the formula, the normalizing factor is a scaling factor that ensures the polarity score is
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Table 5. Dataset sentiment class
Emotion Count Percentage (%)
Positive 69,477 35.520Negative 126,119 64.479Total 200,000 100

Figure 2. Dataset distribution

between -1 and +1, with -1 representing the most negative sentiment and +1 representing the most posi-tive sentiment. The normalizing factor is calculated by taking the square root of the sum of the individualterms’ squared valence scores.
polarity score = sum of valence scores of individual words

normalizing factor (1)

normalizing factor =
√(∑

squared valence scores of individual words
) (2)

The dataset was then divided into training and testing sets, with 80% of the data used for trainingand 20% for testing. After the dataset was partitioned, text vectorization was performed. This procedureattempts to convert human-written data into a language that a deep-learning model can comprehend.
3.6 Sentiment analysis using LSTM-RNN and Word2Vec

embeddings
The proposed method for developing the model involves converting textual data into numerical data. Theinput data is preprocessed using several techniques, after which it is passed through multiple layers, in-cluding LSTM, Time Distributed, and [26] RNN layers, with a classification activation function operating inthe final layer. The architecture of our Hybrid model is shown in Figure.3. The model begins with an Em-bedding layer that utilizes Word2Vec embeddings, converting the input text into a dense representationsuitable for the LSTM model [42]. The layer is configured with an input vocabulary size, an output dimen-sion of 100, a pre-trained embedding matrix, an input length of 50, and is set to be non-trainable. Thefirst LSTM layer is added, consisting of 128 units, with a return sequences option set to True, and dropoutand recurrent dropout rates are both set at 20%. Two additional LSTM layers follow, the first containing64 units and the second containing 32 units, both with return sequences set to True, and dropout andrecurrent dropout rates of 20%. A Time Distributed layer is added, which applies a Dense layer with 128units and a ReLU activation function [43] to each time step of the sequence, allowing the model to learn
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temporal relationships across different time steps. Next, two Simple RNN layers are incorporated, the firstwith 64 units and a ReLU activation function, and the second with 32 units and a ReLU activation function.The first Simple RNN layer has the return sequences option set to True, allowing the model to pass thesequence information to the subsequent layer. Finally, a Dense layer with a single neuron and a sigmoidactivation function is added, which outputs the sentiment polarity prediction. The model is trained usingthe Adam optimizer with a learning rate of 0.001 over thirty epochs. This architecture leverages the powerofWord2Vec embeddings, LSTM, Time Distributed, and RNN layers to effectively capture the temporal andcontextual relationships within the text data, leading tomore accurate sentiment analysis and predictions.
3.7 Latent Dirichlet allocation-based topic modeling
The text structure consists of a combination of topics that can be deduced using machine learning tech-niques to predict concealed variables. Multiple methods can therefore be used to extract informationfrom a sequence of text, denoted as where xi corresponds to the ith tweet. Latent Dirichlet allocation(LDA) is one of the most widely employed methods for generating probabilistic models of sequences [44].Probability-basedmodeling is a topicmodeling technique. Let be the set of k topicmodels. A log-likelihoodobjective function is defined by [36] as follows:

log P(X|Z) = ∑
x∈X

logP(X|Zθ(X)) (3)
The subject identity of the tweet is denoted by equation (3). A topic is documented as a procedurefor compiling probabilities ranging from 0 to 1 across the entire corpus. In the LDA generator procedure[45], the document is regarded as a collection of diverse topics and words [18]. We utilized perplexityand topic coherence to assess the potential of the positive and negative topic models. Complexity andtopic coherence are appropriate criteria for evaluating the quality of a topic model. The model is deemedadvantageous when complexity is reduced. Topic coherence is used to determine the semantic similarityof a collection of content. Greater topic coherence correlates with the greater average pairwise similaritybetween terms.

4 Experimental results
Various preprocessing techniques were applied to the dataset, resulting in 200,000 tweets with positiveor negative sentiments. To provide a comprehensive analysis, we performed topic modeling followed byclassification based on sentiment analysis using deep learning algorithms. Figure.5 demonstrates that thetopic two and topic three models have the highest coherence scores, which decrease considerably as thenumber of topics increases. As the number of topics increases, the coherence graph displays peaks andtroughs. Based on the graphical representation, three appropriate topics were determined. Figure.4-aillustrates the topics extracted from all tweets.The size of each cluster correlates to the percentage of tweets in the corpus that are relevant to thatissue, and each cluster represents a unique topic. In Figure.4-b, The percentage is highest for topic 1 andthe distance between the bubbles represents the similarity between the topics, with bubbles far apart rep-resenting dissimilar topics. Figure.4 demonstrates the word collections associated with each topic. Usingthe corpus, the word lists are compiled, and their frequency is displayed in cyan. The red bars indicate thefrequency with which each term is associated with the given topic. The terms with the longest red bars inthe displayed data are the most common. The term "education" is most frequently associated with topic1 in Figure.4, which corresponds to the English word "education." The term "learning" (which appears inEnglish) is emphasized in topic 3, while the term "learning" (which appears in English) is highlighted in topic2. Figure.6 shows high coherence scores of negative tweets that belongs to number of topics three, fiveand nine. However, the lowest coherence scores observedwith the number of topics one and four, so over-all result shows highest coherence scores. Figure.7 depicts that the high coherence score was obtained for
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Figure 3. Illustration of proposed LSTM+RNN (Hybrid) model for Twitter sentiment
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Figure 4. a) The sentiment analysis inter-topic distance map of tweets for distance learning Top-30 most relevantterms for b) subject 1 c) subject 2 d) subject 3

Figure 5. Distinct topics while evaluating all tweets: a) Coherence Score b) Perplexity Score
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Figure 6. Distinct topics while evaluating negative tweets: a) Coherence Score b) Perplexity Score

Figure 7. Distinct topics while evaluating positive tweets: a) Coherence Score b) Perplexity Score
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the number of topics three, five and eight when the positive tweets were evaluated and number of topicsone, four and ten belongs to the low coherence score. When the number of the topics were evaluatedlow coherence scores were not considered but the high coherence score was examined because the highcoherence refers to the high level of consistency, similarity and semantically connected text.Furthermore, in 8 a word cloud of the pre-processed data is produced for all tweets, negative tweets,and positive tweets separately. Word clouds exhibit a positive relationship between the size of a word andits significance, as the former is determined by the frequency of occurrence.

Figure 8. Most frequently used words in all tweets of 2020, b negative tweets, c positive tweets
After identifying the underlying semantic structure through topicmodeling, the research projectmovedforward with the development of Natural Language Processing (NLP) classification models for sentimentanalysis. Long-Short Term Memory (LSTM) [46] and Recurrent Neural Networks (RNN) were used to traintwo deep learning classifiers on the Twitter dataset pertaining to distance learning (RNN). Combining long-short-term memory (LSTM) [47] and recurrent neural networks (RNN) will increase the complexity of themodels and increase training and validation accuracy. However, as the complexity of themodels increased,training accuracy continued to rise while validation accuracy remained constant. To address this issue,regularization, and dropout layers were implemented to ensure that the training and validation sets hadcomparable accuracy and loss scores. This modification enabled themodels to learn from the dataset andgeneralize it, which was essential for the classification task involving sentiment analysis. The final modelswere evaluated using accuracy to determine their efficacy at classifying tweets as positive or negativesentiment.In addition to the aforementioned modifications, we also experimented with different epoch sizes,optimizers, and learning rates to further optimize the performance of our sentiment classification models[48]. After evaluating various optimizers, we found that Adamworked best for the Hybrid and LSTMmodel,while Stochastic gradient descent was the most accurate for the RNN model [49]. We also tried differentlearning rates and achieved the highest accuracies with 0.001 for the Hybrid model Figure.11 and 0.001for the RNN Figure.9 and LSTM model Figure.10.

Figure 9. The RNN model’s accuracy and loss trends
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Figure 10. Loss trends and accuracy of the Simple LSTM model
Figure.11 demonstrates how the learning trajectory of the composite model, which combines LongShort-Term Memory (LSTM) and Recurrent Neural Networks (RNN), became unstable during the secondepoch. To address this issue, we decided to modify the model by replacing its Embedding layer with aWord2Vec word embedding that had been trained. Figure.11 demonstrates that this modification signifi-cantly enhanced the learning process of the model.In a comparison between the LSTMmodelwithoutword embedding and the RNNmodelwithWord2Vecembedding, the former achieved a higher accuracy score of 83% than the latter, which reached 76%. No-tably, the RNN model demonstrated consistent learning throughout the training process, but it still per-formed less well than the LSTMmodel with Word2Vec. Further investigation revealed that the pre-trainedWord2Vec word embedding played a crucial role in enhancing the LSTM model’s learning capacity. UsingWord2Vec enabled the model to incorporate semantic relationships between words, which contributed toits improved performance [50].

Figure 11. Accuracy and loss trends of the Word2Vec LSTM + RNN hybrid model
Our findings indicate that incorporating pre-trained word embeddings, such as Word2Vec, can sub-stantially enhance the learning process of deep learning models, especially LSTM and RNN hybrid models.Table.6 provides an exhaustive summary of these outcomes. In addition, future research could investigatethe effect of other pre-trained embeddings and architectures on the efficacy of such hybrid models.

5 Conclusion
In response to the COVID-19 pandemic, measures were implemented by governing bodies to safeguardpublic health while fulfilling societal obligations. As a result, conventional brick-and-mortar educational es-tablishments were compelled to suspend operations, and remote learning emerged as a prevalent alterna-tive. Although certain countries were more agile in their endeavors to improve the standard of education,
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Table 6. Results of sequential models-based sentiment analysis
Classifier Val. Acc. Val. Loss Train Acc. Train loss (%)
RNN 0.774 0.473 0.764 0.498LSTM 0.897 0.254 0.908 0.219LSTM+RNN (Hybrid) 0.963 0.223 0.981 0.212

several nations encountered difficulties in effecting this transformation owing to various impediments.The experiment conducted was of a significant magnitude and unfortunately resulted in a reduction ofsocietal resilience and belief. As a consequence, the population experienced psychological difficulties anda tendency towards introversion. The significance of understanding the substance of this page stems fromthe convenience that social media provides for individuals to express themselves.The objective of this investigation is to ascertain the predominant themes and attitudes surroundingCOVID-19 remote learning as expressed on social media. The efficacy of distance education for studentsremains a topic of debate. Therefore, we aim to examine the changes in awareness and attitudes towardsthis subject to gain a deeper understanding of the overall trend. The principal objective of the initial classi-fication of contributions was to ascertain the overall attitude or emotional tone of individuals. In order toaccomplish this objective, social media posts spanning the years 2019 to 2021 were gathered. Various textpreprocessing methods, such as tokenization, normalization, stop-word elimination, lemmatization, andothers, were employed to cleanse the content. Subsequently, the utilization of word embedding method-ologies was employed to create neural languagemodels through the implementation of Word2Vec’s wordvectors. Subsequently, a number of sentiment models were created utilizing deep learning and topic mod-eling techniques with the aid of the LDA algorithm. The augmentation of the Hybrid model’s efficacy hasbeen noted through the utilization of word embedding. TheWord2Vec-basedHybridmodel demonstratedthe highest level of performance, achieving an optimal outcomewith a validation accuracy of 96%. Approx-imately 64.5% of the populace holds unfavorable perceptions regarding online education. The principalcause of this circumstance is the shift in education from a communal activity to an individualized practiceat home, which has resulted in the need for new skill acquisition and a reduction in social activities due torestricted campus access.
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