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Abstract: Coronavirus has posed a serious pandemic 

threat to governments, health organizations, non-

governmental organizations (NGOs), wide 

communications, and partners in terms of impact, 

preparation, response, and mitigation. During the 

COVID-19 pandemic, this inquiry examines the 

pandemic-influenced hazard correspondence in dubious 

situations, as well as its impact on the sentiments and 

estimates derived from the semantic examination in the 

public eye. During the COVID-19 pandemic, this 

inquiry examines the pandemic-influenced hazard 

correspondence in dubious situations, as well as its 

impact on the sentiments and estimates derived from the 

semantic examination in the public eye. The outbreak of 

Covid disease (COVID-19) threw people's lives into 

disarray all around the world. Coronavirus is caused by 

severe acute respiratory syndrome Covid 2 (SARS-CoV-

2), a unique human pathogen that virologists believe 

emerged from bats and then spread to humans via a 

delegate have. This outburst has pulverized people's 

daily lives to a massive degree. Conclusion Investigation 

is a discipline that is gaining traction in recent years, and 

its applications are likely to expand to a larger region in 

the not-too-distant future. 
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I. INTRODUCTION: 

Text mining, also known as text data mining or content 

inquiry, is a method for extracting useful information 
from text. "The exposure by PC of new, previously 

hidden data, as a result of eliminating data from multiple 

constructed assets," it says. Sites, books, mails, audits, 

and articles are examples of composed assets. Great data 
is typically gathered through imagining instances and 

patterns, such as through factual example learning. 

According to Hotho et al. (2005), text mining may be 
approached from three different perspectives: data 

extraction, information mining, and a KDD (Information 

Disclosure in Data Sets) procedure. For the most part, 

text mining entails structuring the data text (usually 
parsing, as well as the enlargement of some 

predetermined semantic highlights and the removal of 

others) ensuing inclusion into a data set), inferring 
designs inside the organized information, lastly 

assessment and translation of the yield. In text mining, 

the term "superior grade" usually refers to a combination 
of relevance, curiosity, and interest. Content 

organization, text bunching, idea/element extraction, 

construction of granular scientific categorizations, 

notion examination, archive rundown, and element 
connection exhibiting are all common content mining 

tasks (i.e., learning relations between named elements). 

Data recovery, lexical investigation, design 

acknowledgment, labeling/explanation, data extraction, 
and information mining techniques such as connection 

and affiliation investigation, perception, and foresight 

inquiry are all part of text examination. The overall goal 

is to convert text into information for analysis using 
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natural language processing (NLP), various types of 
computations, and analytical methodologies. The 

translation of the gathered data takes up a considerable 

portion of this interaction. 

 

1.1 Text analysis process: 

Subtasks—parts of a bigger book examination 

exertion—ordinarily include:  

 A important way for pre-preparing information is to 

reduce dimensionality. The procedure is used to 

identify the root word for real terms and reduce the 

amount of the content data. 

 Information recovery or recognised evidence of a 

corpus is a first step that entails gathering or 

identifying a collection of literary works for 

examination, either online or in a document 

framework, data set, or substance corpus primary. 

 Although some content analysis frameworks solely 

use advanced factual approaches, many others use a 

broader set of language preparation techniques, such 

as grammatical form labelling, syntactic parsing, 

and many types of semantic analysis. 

 Named element recognition is the use of gazetteers 

other quantifiable methodologies to recognise 

named text highlights such as persons, affiliations, 

geographical names, stock ticker pictures, and 

specific truncations, among others.  

 Disambiguation—the use of logical hints—might be 

required to determine whether "Portage" refers to a 

former US president, an automobile manufacturer, a 

renowned actor, a stream junction, or anything else. 

 Example Distinguished Elements Recognition: 

Highlights such as phone numbers, email addresses, 

and quantities (with units) can be sensed by usual 

articulation or other example matching. 

 Document bunching: Identifies groups of similar 

content records. 

 Coreference: Identifying thing phrases and other 

terms that relate to the same thing. 

 Relationships, honesty, and the right time 

Extraction: Identifying relationships between 

chemicals and other information in a text 

 Knowing abstract (rather than provable) material 

and differentiating distinct sorts of attitudinal data: 

feeling, appraisal, state of mind, and feeling are all 

part of sentiment investigation. Methods for 

examining texts include useful in dissecting 

supposition at the element, idea, or subject level and 

in distinctive assessment holder and assessment 

object.  

II. Proposed methodology 

Natural learning process: NLP (natural language 

processing) is an area of etymology, software 
engineering, and artificial intelligence concerned with 

the linkages between computers and human language, 

especially how to teach computers to measure and parse 
down large amounts of natural language data. The result 

is a computer capable of "understanding" the content of 

documents, including the nuances of the language used 

within them. The invention can then accurately 
eliminate data and bits of information from the records, 

as well as classify and organise the reports itself. 

Discourse acknowledgment, normal language 

understanding, and normal language age are all common 

difficulties in regular language handling. 

The use of depiction learning and deep neural 

organization style AI tactics in regular language 

preparation grew in the 2010s, owing to a degree of 

success.to a whirlwind of results showing that such 

procedures can accomplish best in class brings about 

numerous regular language undertakings, for instance in 

language displaying, parsing and numerous others.  

Techniques: rules, insights and neural organizations:  

Several language-preparation frameworks were designed 
in the good 'ol days using representational techniques, 

i.e., the hand-coding of a set of rules paired with a word 

reference query, for example, by creating sentence 

structures or devising stemming heuristic principles. 
Later frameworks based on AI computations provide a 

number of advantages over hand-written rules:  
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 The learning methods used in AI therefore focus on 

the most well-known scenarios, whereas when 
writing rules by hand, it is sometimes unclear where 

the effort should be distributed.  

 Automatic learning systems can utilize measurable 

derivation calculations to create models that are 

hearty to new information (for example containing 

words or constructions that have not been seen 
previously) and to wrong information (for example 

with incorrectly spelled words or words 

inadvertently excluded). By and large, taking care of 
such information effortlessly with written by hand 

rules, or, all the more for the most part, making 

frameworks of transcribed guidelines that settle on 
delicate choices, is very troublesome, blunder 

inclined and tedious.  

 Systems that rely on the concepts being learned 

organically can be made more exact by supplying 

more data. Nonetheless, frameworks based on basic 

principles must be made more precise by increasing 

the complexity of the standards, which is a far more 

difficult task. In particular, the complexity of 

frameworks that rely on handwritten runs has a 

breaking point beyond which the frameworks 

become progressively unmanageable. Adding 

additional data to AI frameworks, on the other hand, 

necessitates a corresponding increase in the number 

of worker hours spent, even without a significant 

increase in the complexity of the comment 

interaction. Notwithstanding the ubiquity of AI in 

NLP research, emblematic techniques are still 

(2020) generally utilized  

When the amount of data preparation is insufficient to 

apply AI strategies effectively, such as for machine 

interpretation of low-asset dialects, as provided by the 

Apterium framework, for preprocessing in NLP 

pipelines, such as tokenization, or for postprocessing 

and changing the yield of NLP pipelines, such as for 

information extraction from syntactic parses. 

 

1. Statistical strategies:  

Much regular language preparation research has relied 
heavily on AI since the claimed "factual upset" in the 

late 1980s and early 1990s. Instead, the AI worldview 

encourages the use of quantifiable induction to acquire 
such criteria through the examination of large corpora (a 

collection of reports, maybe with human or computer 

comments) of typical authentic models. When a model 

is used as part of a larger framework, it has the 
advantage of being able to express the overall certainty 

of a wide range of probable responses rather than just 

one, resulting in more solid solutions. 

A wide range of AI computations have been 

applied to common language-handling tasks. These 

calculations rely on a large number of "highlights" 

created from the data as input. In any case, research has 

steadily focused on quantifiable models that provide 

delicate, probabilistic conclusions based on the 

correlation of genuine perceived loads to each data 

point. 

The earliest AI computations, like as decision 

trees, offered frameworks of hard assumed principles 

similar to previously published human standards. 

However, grammatical form labelling introduced the use 

of hidden Markov models to everyday language 

processing, and research has increasingly focused on 

measurable models, which make delicate, probabilistic 

decisions based on linking true valued loads to the 

information's highlights. Reserve language models, on 

which many discourse acknowledgment frameworks 

now rely, are an example of such factual models. When 

given fresh data, especially data that contains errors (as 

is frequently the case with real data), such models are 

generally more robust, and when integrated into a larger 

framework with several subtasks, they offer more 

reliable results. 

Measurable techniques in NLP research have been 

mostly replaced by neural organisations since the neural 

shift. Whatever the case may be, they remain useful in 
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situations when factual interpretability and clarity are 

necessary 

2. .Neural organizations:  

One of the major drawbacks of factual techniques is that 

they necessitate complex component design. As a result, 

since the mid-2010s, the discipline has largely 

abandoned quantifiable techniques in favor of neural 

organizations for AI. Rather than relying on a pipeline 

of discrete transitional assignments, mainstream 

approaches include the use of word embeddings to 

capture semantic features of words and an extension in 

start to finish learning of a higher-level errand (e.g., 

question answering) (e.g., grammatical feature labelling 

and reliance parsing). In certain areas, this shift has 

resulted in significant modifications in how NLP 

frameworks are designed, to the point that fundamental 

brain organization-based techniques might be viewed as 

a distinct worldview from mere typical language 

preparation. For instance, the term neural machine 

interpretation (NMT) emphasizes how deep learning-

based approaches to machine interpretation directly 

learn grouping to-succession changes, obviating the 

need for middle-of-the-road steps like word arrangement 

and language demonstrating, which were previously 

required in factual machine interpretation (SMT). In 

most recent efforts, non-specialized design of a given 

project will be used to construct legal neural 

organization. 

3. Python: 

Python is a well-known, high-level, and widely utilized 

programming language. Python's plan theory, which 

makes excellent use of a lot of space, emphasizes code 

readability. Its language enhancements and object-

oriented philosophy are designed to aid software 

developers in writing legal code for projects of all sizes. 

Python is well-balanced and garbage-collected. It 

supports a variety of programming ideal models, such as 

structured (particularly procedural), object-oriented, and 

helpful programming. Because of its extensive standard 

library, Python is usually referred to as a "batteries 

included" language. 

III. Result and discussion: 

The main goal of this research topic is to use a study 

premise to uncover the clients' or clients' sentiments and 

judgments. Despite the fact that many investigation 

works have been placed in this sector using diverse 

models, feeling investigation is still believed to be a 

challenging subject with so many issues to be handled. 

The study was conducted on a well-coordinated basis 

with 66 average people of varied ages who did not have 

any physical or mental disorders. The following are the 

questions they were asked: 

1. What was your underlying reaction to the 

COVID'19 report, given that we were all so 

unprepared? 

2. Given that public places have been closed for 

several months, how may you demonstrate your 

adaptability to the situation while staying at home? 

3. Covid'19 has provided us with ample time to go 

over with our family at home; how has this changed 

your connection with your relatives, considering you 

will be seeing them more frequently now? 

4. Staying vigilant, interpreting news or media 

messages, and the prevailing context around any 

pandemic would all have an impact on an 

individual's level of care. What impact do you 

believe the epidemic had on your mind? 

5. E-learning is being adopted all around the world as a 

means of disseminating knowledge and staying 

current with their chosen courses. What are your 

thoughts on e-learning, and how effective has it 

been for you? Would you choose ground classes if 

you had the option? Will there be a few tweaks to 

improve online evaluation? 

6. With the threat of vulnerability looming over our 

heads, how has the current situation effected your 

potential school acceptances, international aces, or 

job prospects? 
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7. How has the current situation, in which we must 

either stay at home or maintain amicable separation 

while going, affected your social connections? How 

do you genuinely remain in touch with your friends 

and people you used to hang out with? Has the 

epidemic had an impact on these ties? Assuming this 

is correct, 

Based on the answers obtained of the above questions 

below are the results obtained: 

 

Figure 3.1: Collective response to question 1 

 

Figure 3.2: Collective response to question 2 

Figure 3.1 shows the collective response to question 1 

that shows negative response is 16.67%, positive 

response is 22.72% and neutral response is 77.27%. 

Figure 3.2 shows the collective response to question 2 

that shows negative response is 4.45%, positive response 

is 6.06% and neutral response is 77.27%. 

 

Figure 3.3: Collective response to question 3 

Figure 3.3 shows the collective response to question 3 

that shows negative response is 6.06%, positive response 

is 37.88% and neutral response is 56.06%. 

Figure 3.4 shows the collective response to question 4 

that shows negative response is 16.67%, positive 

response is 16.67% and neutral response is 56.06%. 

 

Figure 3.4: Collective response to question 4 

 

Figure 3.5: Collective response to question 5 
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Figure 3.5 shows the collective response to question 5 

that shows negative response is 16.67%, positive 

response is 16.67% and neutral response is 56.06%. 

 

Figure 3.6: Collective response to question 6 

 

 

Figure 3.7: Collective response to question 7 

Figure 3.6 shows the collective response to question 6 

that shows negative response is 10.67%, positive 

response is 12.12% and neutral response is 77.27%. 

Figure 3.7 shows the collective response to question 7 

that shows negative response is 1.51%, positive response 

is 42.42% and neutral response is 56.06%. 

IV. Conclusion: 

Coronavirus has forever altered our life. The world we 

knew not long ago has changed, and we now live in a 

completely new scenario that is through an indefinite 

rebuilding process, in which the way we live, interact to 

others, and communicate with others has been 

irreversibly altered. When it comes to lighting, 

disseminating, and guiding the flow of information in 

the public view, hazard communication is playing a 

critical role. Coronavirus has posed a serious pandemic 

threat to governments, health organizations, non-

governmental organizations (NGOs), wide 

communications, and partners in terms of impact, 

preparation, response, and mitigation. This study 

examines the impact of pandemic-influenced hazard 

correspondence in dubious contexts on the sentiments 

and estimates derived from semantic analysis 

examination in the public eye during the COVID-19 

pandemic. The outbreak of Covid disease (COVID-19) 

threw people's lives into disarray all around the world. 

Coronavirus is caused by severe acute respiratory 

syndrome Covid2 (SARS-CoV-2), a unique human 

pathogen that virologists believe emerged from bats and 

then spread to humans via a delegate have. This outburst 

has pulverized people's daily lives to a massive degree. 

Conclusion Investigation is a discipline that is gaining 

traction in recent years, and its applications are likely to 

expand to a larger region in the not-too-distant future. 

References: 

[1]. A. D. Dubey, “Decoding the Twitter sentiments 

towards the leadership in the times of COVID-19: A 

case of USA and india,” SSRN Electron. J., Apr. 

2009, doi: 10.2139/ssrn.3588623. 

[2]. Anvar Shathik J., Krishna Prasad K., “A Literature 

Review on Application of Sentiment Analysis Using 

Machine Learning Techniques”, International 

Journal of Applied Engineering and Management 

Letters (IJAEML), ISSN: 2581-7000, Vol. 4, No. 2, 

August 2020. 

[3]. Ashmira Khan, Goshiya Sheikh, Ruchi Agrawal, 

Raima Rai, Nikita Soni, Mukesh Roy, Sanjay 

Kalamdhad, “Implementation of Twitter 

Sentimental Analysis According to Hash Tag”, 

International Research Journal of Engineering and 

Technology (IRJET) e-ISSN: 2395-0056 Volume: 

07 Issue: 03 | Mar 2020. 

[4]. Augustyniak, Łukasz; Szymański, Piotr; 

Kajdanowicz, Tomasz; Tuligłowicz, Włodzimierz 

http://www.ijsrem.com/


          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                      Volume: 06 Issue: 07 | July - 2022                         Impact Factor: 7.185                                  ISSN: 2582-3930                                                                                                                                               

 

© 2022, IJSREM      | www.ijsrem.com                                                                                                                     |        Page 7 
 

(2015-12-25). "Comprehensive Study on Lexicon-

based Ensemble Classification Sentiment 

Analysis". Entropy. 18 (1): 

4. Bibcode:2015Entrp..18....4A. doi:10.3390/e18010

004. 

[5]. C. J. H. E. Gilbert, “Vader: A parsimonious rule-

based model for sentiment analysis of social media 

text,” in Eighth International Conference on 

Weblogs and Social Media (ICWSM-14). Available 

at (20/04/16) 

http://comp.social.gatech.edu/papers/icwsm14.vader

.hutto.pdf, 2014. 

[6]. Chaturvedi, Iti; Cambria, Erik; Welsch, Roy E.; 

Herrera, Francisco (November 

2018). "Distinguishing between facts and opinions 

for sentiment analysis: Survey and 

challenges" (PDF). Information Fusion. 65–

77. doi:10.1016/j.inffus.2017.12.006 – via Elsevier 

Science Direct. 

[7]. Dimple Chehal , Parul Gupta and Payal Gulati, 

“COVID-19 pandemic lockdown: An emotional 

health perspective of Indians on Twitter”, 

International Journal of Social Psychiatry, 2020. 

[8]. Dr K B Priya Iyer, Dr Sakthi Kumaresh, “Twitter 

Sentiment Analysis On Coronavirus Outbreak Using 

Machine Learning Algorithms”, European Journal 

of Molecular & Clinical Medicine ISSN 2515-8260 

Volume 07, Issue 03, 2020. 

[9]. G. Dharani Devi1 and Dr. S .Kamalakkannan, 

“Literature Review on Sentiment Analysis in Social 

Media: Open Challenges toward Applications”, 

International Journal of Advanced Science and 

Technology Vol. 29, No. 7, (2020), pp. 1462-1471. 

[10]. Jim Samuel, G. G. Md. Nawaz Ali, Md. 

Mokhlesur Rahman, Ek Esawi, Yana Samuel, 

“COVID-19 Public Sentiment Insights and Machine 

Learning for Tweets Classification”, Information 

2020, 11, 314; doi:10.3390/info11060314. 

[11]. Koppel, Moshe; Schler, Jonathan (2006). "The 

Importance of Neutral Examples for Learning 

Sentiment". Computational Intelligence 22. pp. 100–

109. CiteSeerX 10.1.1.84.9735. 

[12]. Liu, Bing, "Sentiment Analysis and 

Subjectivity" (PDF). Handbook of Natural 

Language Processing, 2010. 

[13]. L. Chen, H. Lyu, T. Yang, Y. Wang, and J. Luo, 

“In the eyes of the beholder: Analyzing social media 

use of neutral and controversial terms for COVID-

19,” 2020, arXiv:2004.10225. [Online]. Available: 

http://arxiv.org/abs/2004.10225. 

[14]. Li, Sijia, et al. "The impact of COVID-19 

epidemic declaration on psychological 

consequences: a study on active Weibo users." 

International journal of environmental research and 

public health 17.6 (2020): 2032. 

[15]. Man Hung, Evelyn Lauren, Eric S, Wendy C 

Birmingham, Julie Xu, Sharon Su, Shirley D, 

Jungweon Park, Peter Dang,  Martin S Lipsky, 

“Social Network Analysis of COVID-19 

Sentiments: Application of Artificial Intelligence”, 

Journal of Medical Internet Research, 2020 | vol. 22 

| iss. 8 | e22590. 

[16]. M. Munikar, S. Shakya and A. Shrestha, "Fine-

grained Sentiment Classification using BERT," 

ArXiv, 2019. 

[17]. Mehmood, Yasir; Balakrishnan, Vimala "An 

enhanced lexicon-based approach for sentiment 

analysis: a case study on illegal 

immigration". Online Information Review.  1097–

1117. doi:10.1108/OIR-10-2018-0295 ISSN 1468-

4527, 2020-01-01. 

[18]. Mihalcea, Rada; Banea, Carmen; Wiebe, 

Janyce, "Learning Multilingual Subjective Language 

via Cross-Lingual Projections" (PDF). Proceedings 

of the Association for Computational Linguistics 

(ACL). pp. 976–983. Archived from the 

original (PDF) on 2010-07-08. 

[19]. Pang, Bo; Lee, Lillian, "4.1.2 Subjectivity 

Detection and Opinion Identification". Opinion 

Mining and Sentiment Analysis. Now Publishers 

Inc.2008. 

[20]. Pang, Bo; Lee, Lillian, "A Sentimental 

Education: Sentiment Analysis Using Subjectivity 

Summarization Based on Minimum 

http://www.ijsrem.com/
https://doi.org/10.3390%2Fe18010004
https://doi.org/10.3390%2Fe18010004
https://doi.org/10.3390%2Fe18010004
https://en.wikipedia.org/wiki/Bibcode_(identifier)
https://ui.adsabs.harvard.edu/abs/2015Entrp..18....4A
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.3390%2Fe18010004
https://doi.org/10.3390%2Fe18010004
https://sentic.net/subjectivity-detection.pdf
https://sentic.net/subjectivity-detection.pdf
https://sentic.net/subjectivity-detection.pdf
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1016%2Fj.inffus.2017.12.006
https://en.wikipedia.org/wiki/CiteSeerX_(identifier)
https://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.84.9735
http://www.cs.uic.edu/~liub/FBS/NLP-handbook-sentiment-analysis.pdf
http://www.cs.uic.edu/~liub/FBS/NLP-handbook-sentiment-analysis.pdf
http://arxiv.org/abs/2004.10225
https://doi.org/10.1108/OIR-10-2018-0295
https://doi.org/10.1108/OIR-10-2018-0295
https://doi.org/10.1108/OIR-10-2018-0295
https://doi.org/10.1108/OIR-10-2018-0295
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1108%2FOIR-10-2018-0295
https://en.wikipedia.org/wiki/ISSN_(identifier)
https://www.worldcat.org/issn/1468-4527
https://www.worldcat.org/issn/1468-4527
https://web.archive.org/web/20100708065222/http:/www.cse.unt.edu/~rada/papers/mihalcea.acl07.pdf
https://web.archive.org/web/20100708065222/http:/www.cse.unt.edu/~rada/papers/mihalcea.acl07.pdf
http://www.cse.unt.edu/~rada/papers/mihalcea.acl07.pdf
http://www.cse.unt.edu/~rada/papers/mihalcea.acl07.pdf
http://www.cs.cornell.edu/home/llee/opinion-mining-sentiment-analysis-survey.html
http://www.cs.cornell.edu/home/llee/opinion-mining-sentiment-analysis-survey.html
http://www.cs.cornell.edu/home/llee/papers/cutsent.home.html
http://www.cs.cornell.edu/home/llee/papers/cutsent.home.html
http://www.cs.cornell.edu/home/llee/papers/cutsent.home.html


          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                      Volume: 06 Issue: 07 | July - 2022                         Impact Factor: 7.185                                  ISSN: 2582-3930                                                                                                                                               

 

© 2022, IJSREM      | www.ijsrem.com                                                                                                                     |        Page 8 
 

Cuts". Proceedings of the Association for 

Computational Linguistics (ACL). pp. 271–278, 

2004. 

[21]. Priyanka Tyagi, Sudeshna Chakraborty, R.C 

Tripathi, Tanupriya Choudhury, “Literature Review 

of Sentiment Analysis Techniques for 

Microblogging Site”, ICAESMT-19. 

[22]. Quirk, Randolph; Greenbaum, Sidney; 

Geoffrey, Leech; Jan, Svartvik, A Comprehensive 

Grammar of the English Language (General 

Grammar). Longman. pp. 175–

239. ISBN 1933108312. Pang, Bo; Lee, Lillian, 

"Opinion Mining and Sentiment 

Analysis". Foundations and Trends in Information 

Retrieval. 2 (1–2): 1–

135. doi:10.1561/1500000011. ISSN 1554-0669, 

2008-07-06. 

[23]. Rajput, Nikhil Kumar, Bhavya Ahuja Grover, 

and Vipin Kumar Rathi. "Word frequency and 

sentiment analysis of twitter messages during 

Coronavirus pandemic." arXiv preprint 

arXiv:2004.03925 (2020).   

[24]. Riloff, Ellen; Wiebe, Janyce, "Learning 

extraction patterns for subjective 

expressions". Proceedings of the 2003 Conference 

on Empirical Methods in Natural Language 

Processing. EMNLP '03. USA: Association for 

Computational Linguistics. 10: 105–

112. doi:10.3115/1119355.1119369. S2CID 654191

0, 2003-07-11.  

[25]. Ribeiro, Filipe Nunes; Araujo, Matheus, "A 

Benchmark Comparison of State-of-the-Practice 

Sentiment Analysis Methods". Transactions on 

Embedded Computing Systems, 2010.Samuel, Jim, 

et al. "Covid-19 public sentiment insights and 

machine learning for tweets classification." 

Information 11.6 (2020): 314. 

[26]. Sohini Sengupta, Sareeta Mugde, Garima 

Sharma, “An Exploration of Impact of COVID 19 

on mental health -Analysis of tweets using Natural 

Language Processing techniques”, 

doi: https://doi.org/10.1101/2020.07.30.20165571. 

[27]. Su, Fangzhong; Markert, Katja, "From Words to 

Senses: a Case Study in Subjectivity 

Recognition" (PDF). Proceedings of Coling 2008, 

Manchester, UK. 

[28]. Thelwall, Mike; Buckley, Kevan; Paltoglou, 

Georgios; Cai, Di; Kappas, Arvid, "Sentiment 

strength detection in short informal text". Journal of 

the American Society for Information Science and 

Technology. 61 (12): 2544–

2558. CiteSeerX 10.1.1.278.3863. doi:10.1002/asi.2

1416, 2010. 

[29]. Thelen, Michael; Riloff, Ellen, "A bootstrapping 

method for learning semantic lexicons using 

extraction pattern contexts". Proceedings of the 

ACL-02 Conference on Empirical Methods in 

Natural Language Processing - Volume 10. EMNLP 

'02. USA: Association for Computational 

Linguistics.  214–

221. doi:10.3115/1118693.1118721. S2CID 137155. 

[30]. Venkata Satya Sai, Abhishikth Tholana, 

“Literature Review on Sentiment Analysis”, 

International Journal of Advance Research, Ideas 

and Innovations in Technology, Volume3, Issue5. 

[31]. Wiebe, Janyce; Riloff, Ellen, Gelbukh, 

Alexander, "Creating Subjective and Objective 

Sentence Classifiers from Unannotated 

Texts". Computational Linguistics and Intelligent 

Text Processing. Lecture Notes in Computer 

Science. Berlin, Heidelberg: Springer. 3406: 486–

497. doi:10.1007/978-3-540-30586-

6_53. ISBN 978-3-540-30586-6, 2005. 

[32]. Wiebe, Janyce; Riloff, Ellen, "Finding Mutual 

Benefit between Subjectivity Analysis and 

Information Extraction". IEEE Transactions on 

Affective Computing. (4): 175–191. doi:10.1109/T-

AFFC.2011.19. ISSN 1949-3045. S2CID 16820846, 

July, 2011. 

 

 

 

http://www.ijsrem.com/
http://www.cs.cornell.edu/home/llee/papers/cutsent.home.html
https://en.wikipedia.org/wiki/Longman
https://en.wikipedia.org/wiki/ISBN_(identifier)
https://en.wikipedia.org/wiki/Special:BookSources/1933108312
https://www.nowpublishers.com/article/Details/INR-011
https://www.nowpublishers.com/article/Details/INR-011
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1561%2F1500000011
https://en.wikipedia.org/wiki/ISSN_(identifier)
https://www.worldcat.org/issn/1554-0669
https://en.wikipedia.org/wiki/Sentiment_analysis#cite_ref-25
https://doi.org/10.3115/1119355.1119369
https://doi.org/10.3115/1119355.1119369
https://doi.org/10.3115/1119355.1119369
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.3115%2F1119355.1119369
https://en.wikipedia.org/wiki/S2CID_(identifier)
https://api.semanticscholar.org/CorpusID:6541910
https://api.semanticscholar.org/CorpusID:6541910
https://www.researchgate.net/publication/286302059
https://www.researchgate.net/publication/286302059
https://www.researchgate.net/publication/286302059
https://doi.org/10.1101/2020.07.30.20165571
http://www.comp.leeds.ac.uk/markert/Papers/Coling2008.pdf
http://www.comp.leeds.ac.uk/markert/Papers/Coling2008.pdf
http://www.comp.leeds.ac.uk/markert/Papers/Coling2008.pdf
http://www.scit.wlv.ac.uk/~cm1993/papers/SentiStrengthPreprint.doc
http://www.scit.wlv.ac.uk/~cm1993/papers/SentiStrengthPreprint.doc
https://en.wikipedia.org/wiki/CiteSeerX_(identifier)
https://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.278.3863
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1002%2Fasi.21416
https://doi.org/10.1002%2Fasi.21416
https://doi.org/10.3115/1118693.1118721
https://doi.org/10.3115/1118693.1118721
https://doi.org/10.3115/1118693.1118721
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.3115%2F1118693.1118721
https://en.wikipedia.org/wiki/S2CID_(identifier)
https://api.semanticscholar.org/CorpusID:137155
https://link.springer.com/chapter/10.1007%2F978-3-540-30586-6_53
https://link.springer.com/chapter/10.1007%2F978-3-540-30586-6_53
https://link.springer.com/chapter/10.1007%2F978-3-540-30586-6_53
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1007%2F978-3-540-30586-6_53
https://doi.org/10.1007%2F978-3-540-30586-6_53
https://en.wikipedia.org/wiki/ISBN_(identifier)
https://en.wikipedia.org/wiki/Special:BookSources/978-3-540-30586-6
https://ieeexplore.ieee.org/document/5959154
https://ieeexplore.ieee.org/document/5959154
https://ieeexplore.ieee.org/document/5959154
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1109%2FT-AFFC.2011.19
https://doi.org/10.1109%2FT-AFFC.2011.19
https://en.wikipedia.org/wiki/ISSN_(identifier)
https://www.worldcat.org/issn/1949-3045
https://en.wikipedia.org/wiki/S2CID_(identifier)
https://api.semanticscholar.org/CorpusID:16820846

