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Abstract

Social media platforms, such as Twitter, allow users to share their thoughts and opinions on various topics, including pandem-
ics like COVID-19. This data can be used to analyze public sentiment and assess the severity of different Corona variants.
In this study, a new framework called SENSECOR is proposed to perform opinion mining on Twitter data. SENSECOR
uses natural language processing techniques to identify the severity levels and most common symptoms associated with
Corona variants. The dataset includes over 160,000 tweets related to COVID-19. SENSECOR is evaluated against several
deep learning models, including ROBERTa, BERT, ELECTRA, XLNet, LSTM, and BiLSTM, as well as traditional machine
learning models. The results show that SENSECOR achieves the highest accuracy rate of 91%, surpassing all other methods.
This suggests that SENSECOR is a promising tool for assessing the severity of Corona variants and identifying the most

common associated symptoms.
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1 Introduction

The COVID-19 pandemic, caused by the SARS-CoV-2
virus, has had a profound impact on the world, leading to
millions of deaths, disrupted economies, and strained health-
care systems (Mohan et al. 2022). The pandemic has also
posed multifaceted challenges to governments, businesses,
and individuals worldwide. As the pandemic progressed,
the virus evolved, giving rise to a variety of variants, such
as Beta, Delta, and Omicron (Markov et al. 2023). These
variants have introduced new challenges and uncertain-
ties, such as increased transmissibility and reduced vaccine
effectiveness.

Social media platforms have played a vital role in the
COVID-19 pandemic, providing channels for sharing infor-
mation, connecting people, and coordinating responses.
However, the emergence of the Omicron variant led to
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widespread anxiety, partly due to the rapid spread of misin-
formation and infodemics on social media.

The COVID-19 pandemic witnessed an unprecedented
surge in social media usage, creating an invaluable opportu-
nity for researchers to tap into extensive user-generated data.
Social media platforms effectively transformed into virtual
laboratories for scrutinizing public sentiment, information
propagation, and behavioural reactions to the crisis. Prior
research on past epidemics highlights the potential of social
media analysis in shaping public health interventions, bol-
stering disease surveillance, and improving risk communica-
tion. Many studies have analyzed the behaviour of COVID-
19 spread using diverse datasets (clinical and non-clinical).
These studies employed different NLP, ML, and DL tech-
niques for analysis. While clinical data offers crucial insights
into the virus’s behaviour and patient outcomes, non-clinical
sources like social media content provide an insightful lens
into public sentiment and emerging pandemic-related trends.

To the best of current knowledge, research concerning
the detection of COVID severity or symptoms has primarily
relied on clinical data. Social media data has been utilized
for various disease analyses, including depression intensity
estimation, anxious depression prediction, mental disorder
forecasting, pulmonary disease analysis, and even suicidal
activity prediction. A substantial research gap exists in uti-
lizing this data source for evaluating the severity and symp-
toms of COVID-19 variants. To bridge the gap, this study
adopts NLP techniques to analyse COVID-19 data sourced
from Twitter.

Twitter is a popular micro-blogging platform where peo-
ple share their opinions in various formats, such as text,
images, links, and videos. Researchers can use the Twitter
API to analyze data from a wide range of Twitter users (Can-
tini et al. 2021). This type of analysis can be especially help-
ful for governments during pandemics, as it can help them
to make informed decisions. For example, Twitter mood
analysis techniques (Naseem et al. 2021) can be used to
identify people who are feeling depressed or anxious. This
information can help officials in providing timely assistance
to people in specific geographical regions who need it most.
The flexibility and richness of Twitter data make it a valu-
able tool for assessing the severity of COVID-19 variants.
This motivates us to use Twitter data for this research.

A new framework called SENSECOR is proposed to
perform Twitter-based opinion analysis to SENSE the
CORona. It is designed to identify the severity of COVID-
19 variants and highlight its most prevalent symptoms by
analyzing user tweets. This framework is developed by
using a hybrid approach that combines rule-based and
machine learning (ML) methods. Previous studies have
primarily focused on assessing COVID-19 disease sever-
ity or identifying symptoms using clinical and laboratory
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data. For instance, in(Benito-Ledn et al. 2021), research-
ers applied unsupervised ML algorithms to clinical
and laboratory reports to ascertain COVID-19 severity.
However, existing studies have typically concentrated
on either severity or symptom identification, neglecting
the importance of considering both aspects when dealing
with potential pandemics. Hence, this research employs
NLP techniques to examine social media data and develop
the SENSECOR framework. This framework facilitates
the quick assessment of symptoms and severity associated
with any variant of COVID-19.
The key contributions of this paper are:

1. Extensive Data Collection: An extensive dataset com-
prising over 0.16 million tweets related to the Omicron
variant of COVID-19 in India is collected. These tweets
are gathered during a crucial period, the peak of daily
cases (February 3-9, 2022). This dataset forms the foun-
dation for subsequent analysis.

2. SENSECOR Framework Development: Introduced the
SENSECOR framework, a hybrid approach for classify-
ing tweets based on the severity level of the Omicron
variant. Additionally, it identifies common symptoms
associated with the variant. This framework holds
promise for advancing the understanding of the impact
of COVID-19 variants and enhancing public health
responses.

3. Demographic Analysis: Demographic analysis of the
collected tweets is conducted. This analysis offers valu-
able insights into the characteristics of the users who
posted these tweets. Understanding users’ demograph-
ics can provide contextual information that enriches the
interpretation of the data.

4. Performance Evaluation: A comprehensive statisti-
cal performance analysis of the ML and deep learning
algorithms and the SENSECOR framework is presented.
This evaluation assesses the framework’s effectiveness
and reliability in classifying severity and identifying
symptoms.

These contributions collectively contribute to a deeper
comprehension of the Omicron variant’s implications by
harnessing social media data, employing NLP and ML
techniques, and providing demographic insights. This
research aids in more informed decision-making in public
health and pandemic management.

The rest of this paper is structured as follows: Sect. 2
discusses the literature review. Section 3 explains the
methods used to analyze the data. Section 4 presents the
results and discussions of this study. Finally, Sect. 5 gives
the conclusion of this study.
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2 Literature review

Numerous studies on COVID-19 employ NLP, ML, or DL
techniques, leveraging a diverse range of data sources,
including clinical and non-clinical data, to obtain critical
insights and results. These analyses provide valuable infor-
mation for understanding the virus’s impact, predicting
outcomes, and informing public health decisions.

2.1 Studies employing clinical data

Researchers utilize various methods to extract valuable
insights from non-image clinical data, such as electronic
health records (EHRs), enabling risk assessment, patient
stratification, optimized treatment plans and more. For
example, (Bhatia et al. 2022; Kukar et al. 2021) presented
ML-based COVID-19 diagnosis based on routine blood
parameters. In these, the first study has conducted research
on data specific to India and in the second study, data
specific to Slovenia. In both studies, the XG Boost model
has been applied to predict the diagnosis. Authors (Zoabi
et al. 2021) applied ML technique to predict COVID-19’s
existence and symptoms in a patient. RT-PCR test and
symptoms based questionnaire data has been used to
train the model.In (Lee et al. 2021) proposed a model
that can predict whether a patient infected with COVID-
19 will develop severe outcomes using only patients his-
torical EHR before hospital admission. The model uses
recurrent neural networks(RNN) to predict a risk score
that represents the probability for a patient to progress
into severe status. The model achieved an area under the
receiver operating characteristic curve (AUROC) of 0.846
in predicting patients’ outcomes, averaging over 5-fold
cross-validation.

Additionally, clinical data modalities such as X-rays,
CT scans, and ultrasounds are commonly used for image-
based diagnostics because they are reliable(Dance et al.
2014). However, manually identifying COVID-19 from
these clinical scans is a time-consuming, labour-inten-
sive process and prone to human error. As a result, deep
learning (DL) in radiography imaging has emerged as a
consistent and effective approach to achieve significant
improvements. For instance,(Zhao et al. 2021) Used CT
images and applied transfer learning to analyse the impact
of COVID-19. The model was pre-trained on ImageNet21k
and demonstrated strong generalizability with an impres-
sive accuracy of 99.2% in detecting COVID-19 cases.
Using the Grad-CAM visualization technique, the authors
enhanced the model’s interpretability, aiding clinical doc-
tors in manual screening. In another study, (Alshazly et al.
2021) presented deep learning techniques for automated

COVID-19 detection using chest CT images. The visual
explanations for model decisions, feature visualizations,
and accurate localization of COVID-19-associated regions
are mentioned in the study. (Ulloa et al. 2022) conducted
a retrospective study in Ontario, Canada, comparing
Omicron and Delta variants from late 2021 and found that
Omicron cases had a 60% lower risk of hospitalization.
Although the fatality risk is also lower for Omicron, it
wasn’t statistically significant. The study suggests that
Omicron may be less severe, but factors like high vaccina-
tion rates need consideration. Further research is needed to
validate these findings and assess long-term implications.
The summary of studies using clinical data on COVID-19
is presented in the Table 1.

2.2 Studies employing social media data

Social media platforms serve as repositories of non-clin-
ical data that can be leveraged to gain valuable insights.
By applying NLP techniques, researchers can analyze vast
amounts of text data from platforms like Twitter, gaining
insights into public sentiment, monitoring health behaviours,
and detecting potential outbreaks. For example,(Mathur
et al. 2020) discussed the assessment of emotional states
expressed on Twitter during the COVID-19 pandemic. The
study used the NRC Word-Emotion Association Lexicon
(EmoLex) to classify tweets into fundamental emotions,
providing insights into public sentiment. The study high-
lighted the potential usefulness of this analysis for authori-
ties and policymakers in addressing mental health and social
well-being. Another study by(Ogbuokiri et al. 2022) focused
on analyzing the variations in sentiment towards COVID-
19 vaccines in three major South African cities using geo-
tagged Twitter posts. The study found significant correla-
tions between sentiment intensity, vaccine-related topics,
and key metrics such as vaccination rates and COVID-19
cases. The research highlighted the importance of local con-
text in shaping sentiment and the potential of Twitter data for
informed health policy and decision-making in community-
based infectious disease discussions.

(Bhat et al. 2020) analyzed the sentiment of over 80,000
tweets related to COVID-19. Authors found that 51.97% of
the tweets expressed positive sentiment, 34.05% expressed
neutral sentiment, and 13.96% expressed negative sentiment.
The authors concluded that sentiment analysis can be used
to track public opinion on pandemics and to inform public
health interventions.(Li et al. 2020) explored the applica-
tion of lexical and ML methods in the fight against COVID-
19. NLP is used for sentiment analysis to categorize social
media content on Weibo as a case study. The study involved
analyzing 367,462 posts to extract relevant features. These
features are then used to train ML algorithms, including sup-
port vector machine (SVM), naive Bayes (NB), and random
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Table 1 Summary of COVID-19 applicational studies leveraging clinical data

Study Application Model Performance ~ Approach Dataset Data type
Zhao et al. (2021) COVID-19 detection CNN Auc—99.2% DL CT scan images and Image
ImageNet21k Tan and Le
(2021)
Alshazly et al. (2021) COVID-19 detection ResNet101 Auc—99.4% DL SARS-CoV-2 CT Scan Image
in patient DenseNet201 Auc—92.9% dataset Soares et al.
(2020),
COVID19-CT
dataset He et al. (2020)
Dastider et al. (2021) Predicting COVID-19 Hybrid CNN-LSTM Auc-79% DL Lung ultrasound Image
patient severity condition data Roy et al. (2020)
Zoabi et al. (2021) Predicting COVID-19 Gradient boost auROC-82% ML RT-PCR and Clinical
and Questionaire text
its symptoms in a patient
Bhatia et al. (2022)  Severity and mortality XGBoost auROC-92% ML Blood parameters Clinical
prediction models to Chen and Guestrin text
triage (2016)
COVID-19 patients
Kukar et al. (2021) COVID-19 diagnosis by ~ XGBoost auROC-97% ML Blood parameters Clinical
routine blood tests text
Lee et al. (2021) Severity prediction for RNN auROC- 84.6% DL EHR Clinical
COVID-19 patients text
Ulloa et al. (2022) Severity identification whole-genome - - COVID-19 patients Clinical

between Omicron and
Delta variants
of COVID-19

sequencing (WGS)
S-gene target
failure(SGTF)

hospital records text

forest (RF). The goal is to classify unlabeled data based on
previously labeled data. Specifically, the COVID-19 related
information is categorized into seven distinct types of situ-
ational data, including emotional, perceptual, and affiliation
factors. The most promising results are obtained using the
high-performing RF classifier.

(Nuser et al. 2022) proposed a hybrid model that com-
bines convolutional neural networks (CNN) and long short-
term memory (LSTM) to analyze user sentiment towards
the COVID-19 vaccine. This model is applied to a dataset
of 13,190 tweets and achieved an accuracy of 83%, which
outperformed the accuracy of both CNN and LSTM algo-
rithms individually. The research contribution of the paper is
to assist medical staff and the government in analyzing peo-
ple’s reactions towards the COVID-19 vaccine. (Zhou et al.
2021) discussed the impact of the COVID-19 pandemic on
community depression dynamics using user-generated con-
tent on Twitter. The authors propose a new approach based
on multimodal features from tweets and term frequency-
inverse document frequency (TF-IDF) with logistic regres-
sion (LR) to build depression classification models. Multi-
modal features capture depression cues from emotion, topic,
and domain-specific perspectives. The study results showed
that people became more depressed after the outbreak of
COVID-19. The measures implemented by the government,
such as the state lockdown, also increased depression levels.
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The summary of studies using non-clinical data, such as
social media data on COVID-19, is presented in table 2.

2.3 Studies on diseases symptoms extraction
from text

Multiple researchers have applied NLP and ML techniques
to extract symptoms from clinical notes within EHR’s for
clinical research purposes, as well as from non-clinical
texts like social media data. Various NLP models have been
employed to detect and identify signs and symptoms of
disease viz-a-viz heart failure(Vijayakrishnan et al. 2014),
mental illness(Jackson et al. 2017), and urine infections
(Gundlapalli et al. 2017).

Combining rule-based and ML/DL methods in hybrid
approaches provides a thorough strategy for COVID-19
analysis. Rule-based systems organize and extract data from
unstructured text, while ML and DL models deal with intri-
cate patterns and predictions. This multi-modal approach
offers a comprehensive view of the pandemic, assists in risk
assessment, and aids in evidence-based decision-making for
clinical and public health purposes. For instance, (Luo et al.
2021) developed a framework for detecting symptoms of
COVID-19 within tweets. Authors initially trained a rule-
based named entity recognition (NER) system for symp-
tom identification using deep learning (DL) models with
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Table2 Summary of COVID-19 applicational studies leveraging social media data

Study Application Model Performance Approach Dataset
(Mathur et al. 2020) Emotional analysis on EMOLEX - Lexicon / Twitter
COVID-19 Rule based
(Ogbuokiri et al. 2022) Sentiments analysis toward Vader, NB (0.68), Hybrid Twitter
COVID-19 vaccines in LDA, LR (0.75), (Lexicon/
South African cities SVM, SVM (0.70), Rule-based +
Decision Tree, DT (0.62) ML)
Naive Bayes,
LR
(Bhat et al. 2020) Sentiment analysis of SM - - Lexicon / Twitter
response on the COVID-19 Rule based
Outbreak
(Li et al. 2020) Exploring the Impacts of RF Auc-65% Hybrid Based Weibo
COVID-19 on People’s Mental Models
Health to Assist Policy and
Provide Timely Services to
Infected Populations
(Nuser et al. 2022) Sentiment analysis of CNN+LSTM Auc-83% DL Twitter
COVID-19 vaccine
(Priyadarshini et al. 2022) Sentiments and psychology Polarity based - Lexicon / Twitter
of twitter users during Rule based
COVID-19
(Zhou et al. 2021) Depression detection TF-IDF+LR Auc-90% ML Twitter

due to COVID-19

Electronic Health Record (EHR) data. Authors subsequently
applied this NER system to tweets, enabling the detection of
COVID-19 symptoms using social media data.

Hence, the studies on COVID-19 severity and symptom
detection have primarily relied on clinical data. This means
that there is a need for more research using non-clinical data
like social media data to study the different strains of the
COVID-19 virus severity and symptoms. This study fills this
gap by employing NLP techniques on Twitter data.

3 Methodology

The emergence of new variants of COVID-19 has posed a
significant challenge to researchers seeking to understand
its impact. The most common way to identify symptoms is
through collecting data from patients admitted to healthcare
centres. But, this method is time-consuming and requires
many hours of human effort. To address this challenge,
researchers have turned to social media data to study the
novel variants of COVID-19. For this study, Twitter is used
as a source of data. To achieve the goal of identifying com-
mon symptoms and classifying the severity level of the vari-
ant, a new framework called SENSECOR is proposed to
sense the corona. SENSECOR utilizes a hybrid approach,
combining rule-based and ML methods, to detect symptoms
and classify severity levels. Each tweet is categorized into
one of four severity levels: Severe, Mild, No-symptoms, or

Undefined to represent the COVID-19 variant’s severity
accurately.

3.1 Data collection

A total of 204,729 tweets related to the Omicron variant of
the Coronavirus are collected for this study using search
keywords including #omicron, #omicron symptoms, #omi-
cronVariant, and Omicron. The data collection is facilitated
by using a package called TWARC,' a command-line utility
and Python library designed for collecting tweets and return-
ing them as JSON objects. TWARC offers user-friendly
commands to acquire tweets from Twitter in various ways,

T T T T T
—#omicron
—#omicron symptoms
#omicron variant
—Omicron

e N S R

L L L
Feb 06 Feb 07 Feb 08

Day

0 L L
Feb 03 Feb 04 Feb 05 Feb 09

2022

Fig. 1 Day-wise data collection

! https://github.com/DocNow/twarc.
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making it a versatile tool for data retrieval. The day-wise
data collection process for the COVID-19 Omicron dataset
is visualized in Fig. 1.

3.2 Data pre-processing

The primary step of text analysis is to prepare the data so
that accurate information can be extracted from it; this pro-
cess is called data pre-processing. The text pre-processing
will improve the classification algorithm’s performances.
Authors in (Jiangiang and Xiaolin 2017) explained the
effects of text pre-processing methods used for sentiment
classification. The authors presented many valuable ways
to improve the accuracy while extracting sentiment, like
removing stopwords and URLs from text.

To ensure the study’s accuracy, the collected tweets are
meticulously processed to include unique tweets in the anal-
ysis. Every tweet has a unique number called TweetID. The
duplicate tweets are removed using this TweetID. Eliminat-
ing duplicate information is a crucial step in improving the
quality of the study. In addition, converting all upper case
letters to lowercase, removing links, punctuation, and num-
bers to optimize information extraction. The resulting data-
set comprised of 1,60,413 tweets, which are used to develop
the SENSECOR framework.

If a Tweet has a slight change in wording or is retweeted
with different accompanying text, using TweetID for dupli-
cate elimination may not be sufficient. In such cases, a simi-
larity metric like Levenshtein distance (Levenshtein et al.
1966) as presented in Eq. (1), which measures the minimum
number of single-character edits needed to transform one
string into another, can be useful. A threshold distance can
be defined to deduplicate tweets using Levenshtein distance,
beyond which the two tweets are considered distinct. For
example, in this study, a threshold value of 6 is considered,
meaning tweets with a Levenshtein distance of 6 or less are
considered duplicates.

max(m, n) if min(m,n) =0
L,yim—1,n)+1
miny L, ,(m,n—1)+1
Lpym—1,n—1)+ l(a,,,;&b,,)

Laplm.m) = Otherwise

ey
In the Eq. (1) the distance between two strings a and b can
be defined by using a function L, (m,n) where m and n
represent the prefix length of string a and b respectively.
Consider two strings, “kitten" and “sitting" and the goal is
to find the Levenshtein distance between them.

a = “kitten"

b = “sitting"
m = 6 (length of “kitten")
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n =7 (length of “sitting")

L,,(m—1,n) + 1 represents deleting a character from
string a.

L,,(m,n— 1)+ 1 represents inserting a character into
string a.

L,,(m—1,n—1)+1a, # b,) represents substituting a
character in string a with a character from string b. The
term 1 a,, # b,) is an indicator function that returns 1 if
a,, and b, are not equal (i.e. if characters at the current
positions are different), and O otherwise.

The algorithm considers all these possibilities and chooses
the minimum value among them as the Levenshtein distance.
It iterates through the characters of both strings, calculating
the distance incrementally until it reaches the final value. In
this example, the Levenshtein distance between “kitten" and
“sitting" would be calculated using this recursive algorithm
to be 3 because you can transform “kitten" into “sitting" by
substituting ‘k” with ‘s’, deleting ‘e’, and adding ‘i’ and ‘g’.

3.3 Data Annotation

To evaluate the effectiveness of the proposed framework, a
manually annotated dataset® comprising 4,000 tweets has
been created. These manually labelled tweets are curated
and selected from the collected dataset. The data is catego-
rised into four classes, i.e. No-symptoms, Mild, Severe, and
Undefined, and each class comprises 1,000 tweets. Three
volunteers with post-graduate level and knowledge in NLP
are selected for manual labelling. Clear guidelines, inter-
annotator agreements (IAA), policies and criteria to ensure
accurate and consistent labelling are provided to the anno-
tators. Regular checks for inter-rater reliability among the
volunteers are conducted to ensure consistency in labelling.

Guidelines for annotating tweets for severity
classification:

1. Read the entire tweet carefully and understand its con-
text before deciding.

2. Determine the overall severity of the illness based on the
symptoms mentioned in the tweet. The severity can be
classified as severe, No-symptoms, Mild.

3. If the tweet does not clearly indicate the severity of the
illness or if it contains conflicting or unclear informa-
tion, classify it as Undefined.

4. Use objective criteria to classify the severity of the ill-
ness, such as the type and duration of symptoms, the

2 https://github.com/balajitk7/sampledata.
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need for medical intervention, or any other relevant fac-
tors.

5. Avoid making assumptions or interpretations not sup-
ported by the tweet.

6. If you are unsure about the severity of the illness, seek
clarification from a senior annotator.

7. Be consistent in your classification decisions and follow
the guidelines closely.

8. Maintain confidentiality and avoid sharing any personal
or sensitive information in the tweets.

To ensure a reliable inter-annotator agreement (IAA) among
annotators when classifying the severity of tweets, the fol-
lowing steps are taken:

1. Provide clear and concise guidelines. The guidelines
define what constitutes Severe, No-symptoms, Mild,
and Undefined illness, and provide examples for each
category.

2. Conduct training sessions. These sessions ensure that
all annotators are familiar with the guidelines and are
consistent in their interpretations.

3. Use multiple annotators. Each tweet is classified inde-
pendently by multiple annotators. This allows for any
annotation discrepancies to be identified and resolved
through discussion.

4. Continuously monitor IAA. The IAA is monitored
throughout the annotation process. This allows for feed-
back to be provided to annotators to improve the quality
of their annotations.

By following those guidelines, IAA policies are imple-
mented to ensure the annotations are accurate, consistent,
and high-quality. This high level of consistency and reli-
ability in the annotation process has ultimately improved the
accuracy of the severity classification.

3.4 Proposed method

The study has two primary objectives: firstly, to identify the
prevalent symptoms associated with the Omicron variant of
COVID-19, and secondly, to evaluate the disease’s severity.
Each tweet will be allocated to one of four specified catego-
ries to accomplish this. The resulting classification report
will provide an overview of the severity levels related to the
new Omicron variant.

The proposed SENSECOR framework is a hybrid
approach that combines rule-based and ML techniques. The
SENSECOR uses a rule-based approach in two phases:

1. Symptom detection phase: To identify symptoms in
COVID-19 tweets.

2. Severity classification phase: To provide the initial
severity class labels for COVID-19 tweet data.

The labeled data with predefined severity classes, such as
“Severe", “Mild", or “No-symptoms" is unavailable. The
rule-based system efficiently identifies and categorizes
tweets based on predetermined criteria and patterns. The
labeled tweets are then used to train ML models, which can
capture complex patterns and relationships within the data.
This improves the accuracy of predicting the severity of
COVID-19 cases. The framework provides the flexibility
of employing either rule-based classification or a DL-based
approach to label tweet severity.

In essence, SENSECOR synergizes the strengths of
rule-based and ML methodologies, improving its ability to
classify and understand the severity of COVID-19 cases. A
detailed architecture of the proposed framework is shown in
Fig.2. The proposed framework architecture takes tweets as
input and identifies the demographics of the tweeters using
the M3model, such as their gender and whether they are
individuals or organizations. Then, the framework analyzes
the tweets to identify the symptoms of the Omicron variant.
Finally, the framework classifies the tweets based on the
severity of the Omicron variant that the users mentioned in
their tweets. For the severity analysis, organizational tweets
are omitted because they do not belong to individuals. The
severity classification phase can use either a rule-based or
ML-based model to classify the severity of the tweets.

3.4.1 Symptom detection phase

To identify symptoms of COVID-19 using the framework,
it is essential to provide the system with an initial set of
known symptoms associated with the virus. The framework
then employs a rule-based approach to analyze a dataset
of COVID-19 related tweets, looking for the presence of
these symptoms in the text of each tweet. This methodol-
ogy allows the framework to systematically scan and iden-
tify instances where individuals on social media discuss or
report COVID-19 symptoms. The base symptoms for the
framework are adopted based on the studies (Gallo Marin
et al. 2021) and (CDC 2021). The symptoms include fever
or chills, cough, shortness of breath or difficulty breathing,
fatigue, muscle or body aches, headache, loss of taste or
smell, sore throat, congestion or runny nose, nausea or vom-
iting, and diarrhoea.

To carry out the symptom identification task, the N-grams
technique based on NLP is employed. N-grams refer to
continuous sequences of words, symbols, or tokens and are
defined as the adjacent sequences of words in a text (Brown
et al. 1992). Unigrams, bigrams, and trigrams are generated
for the entire dataset, along with its respective frequencies at
the word level. Symptom-wise frequency is then calculated
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Fig.2 Detailed flow diagram of SENSECOR framework
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Table 3 Synonyms of words

. Word
used for this study

Synonyms

Mild

Severe

No-Symptoms
No

Symptoms

‘mild’, ‘low’, ‘light’, ‘modest’, ‘minimal’, ‘fewer’, and ‘less’.

‘vital’, ‘terrible’, ‘nasty’, ‘strong’, ‘heavy’, ‘severe’, ‘very bad’,
‘critical’, ‘chest pain’,

‘difficulty breathing’, ‘very high’, ‘hard’, ‘very heavy’,
‘extreme’, ‘difficulty in breathing’,

‘breathing issues’, and ‘shortness of breath’, ‘hospitalized’,
‘icu’, ‘intensive care’,

‘ventilator’, ‘respiratory distress’, ‘respiratory failure’,
‘death’, ‘dying’, ‘fatal’,

‘organ failure’, ‘heart attack’, ‘multi organ failure’

‘asymptomatic’, ‘no symptoms’, ‘feeling good’, ‘healthy’, ‘fine’

‘won’t’, 'not’, ’Neither’, "unlikely’, ’dont have’, ‘none’, ‘didnt’,
‘didn’t’, ‘no’, ‘null’, ‘zero’,

‘havent’ and ‘without’.

‘sign’, ‘effect’, and ‘symptoms’.

by searching for the unigram, bigram, and trigram word
combinations for each symptom and summing its respec-
tive frequencies. For example, to determine the frequency
of the symptom tired’, the N-gram list is searched for all
possible synonyms of tired’, including tired’, tiredness’,
weak’, and weakness’, and its individual word frequencies
are added together to calculate the overall frequency of the
tired” symptom. Hence, if the frequencies of tired’, tired-
ness’, weak’, and weakness’ are 16, 10, 23, and 7, respec-
tively, the total frequency of the tired” symptom would be
56. Similarly, the frequencies of the CDC-recognized symp-
toms are determined from the dataset using the N-gram tech-
nique. The most frequently occurring symptoms are then
compiled into a list, which will be used in the second task
of the SENSECOR framework.

3.4.2 Severity classification phase

The second task of this study is to identify the severity
level of the Omicron variant from the tweets. The sever-
ity level is classified into four classes: “Severe", “Mild",
“No-symptoms", and “Undefined" using the N-grams. For
example, the N-grams considered for “Severe” are “vital’,
‘terrible’, ‘nasty’, ‘strong’, ‘heavy’, ‘severe’, ‘very bad’,
‘critical’, ‘chest pain’, ‘difficulty breathing’, ‘heavy fever’,
‘very high’, ‘hard’, ‘very heavy’, ‘extreme’, ‘difficulty in
breathing’, ‘breathing issues’, ‘shortness of breathe’, and so
on. If a tweet possesses characteristics from multiple classes
during classification, it can cause ambiguity in the tweet’s
classification. As a result, these tweets are designated as
“Undefined". For instance, the tweet

“Got the PCR results in for our three children from their
testing this past Friday. Two tested positive, one had mild
symptoms, and the other was asymptomatic. One tested

negative and never had symptoms. That’s the one that usu-
ally gets severe fevers”

This tweet describes various symptoms without clearly
indicating severity, resulting in its classification as “Unde-
fined”. The “Undefined” label is dropped from the analysis
to give accurate severity of illness.

The tweet classification process extends to include demo-
graphic insights, such as determining the user’s gender using
the M3model. The M3model is a multi-modal deep neu-
ral architecture designed for gender identification and user
type classification (person, organization, or bot) based on
Twitter profiles. This model leverages both the user’s profile
picture and username to make these determinations (Wang
et al. 2019). It operates as a multi-modal architecture,
using Densenet (Huang et al. 2017) for image classifica-
tion and LSTM (Hochreiter and Schmidhuber 1997) for text
classification.

Tweets from non-organizational accounts are then sub-
categorized based on gender, with labels such as 'male’ and
"female’ applied. This approach enhances the granularity
of the tweet classification process by incorporating demo-
graphic attributes.

To assign the label “Mild" to a given tweet, the frame-
work examines the tweet’s content for the presence of rel-
evant N-grams or lexicons, such as ‘mild symptoms’, ‘mild
fever’, ‘less symptoms’, ‘fewer symptoms’, ‘low fever’,
‘affected low fever’, ‘less severe’, ‘light symptoms’, ‘light
fever’, ‘minimal symptoms’, ‘fewer symptoms’, ‘not severe’,
and similar expressions. If the match is found, the tweet is
labelled “Mild". The synonyms used to collect N-grams for
this study are collected based on the symptoms detected.
The synonyms used in this study are presented in Table 3.

The process of selecting these synonyms involved mul-
tiple methods. Firstly, cosine similarity is used to calculate
the similarity between words in the four predefined classes
on the COVID-19 tweet dataset. Words with the highest
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similarity scores were recognized as potential synonyms for
each class. Secondly, user tweet analysis is used to identify
similar words by analyzing user tweets that revolve around
discussions of the COVID-19 Omicron variant. Additionally,
frequently used words from the top ten most tweeted mes-
sages related to Omicron severity and a curated list of terms
from dictionaries are considered. This thorough approach
to word selection is employed to enhance the framework’s
precision in classification, ultimately aiming to reduce the
number of tweets categorized as “Undefined”.

Two rule-based algorithms are used to classify the sever-
ity of each tweet. The First algorithm gathers N-grams asso-
ciated with each class, while the second algorithm is tasked
with processing the tweets for classification. This classifi-
cation process utilizes the class-specific N-grams obtained
from the first algorithm as input.

3.4.3 Algorithm-1: Collecting N-grams

The algorithm 1 is designed to collect N-grams from a set of
tweets (y) to help classify the severity of COVID-19 symp-
toms. It uses predefined sets of synonyms for the classes
“Mild", “Severe", and “No-symptoms" as well as a set of
common symptoms () and a set of negation words (120,4,,)-
Algorithm 1 Algorithm for collecting N-grams for severity
classification

Begin
IHPUt: 1;[}7 T, ﬁv Msyna Ssyru Nssynv
NOgrams
// Y is, set of all tweets
// T is a tweet in set Y
// B is a set of top ten common symptoms
/! Mgyn, Seyn, NSsyn are sets with
synonyms for Mild, Severe, and
No-symptoms
1 Function getLabel-Ngrams (Yoyn , B):
2 L ngms = Vsyn X 5*

3 return 0y,

/! Ograms is N-grams set for given label
4 Mgrms=getLabel-Ngrams(Msyy,, (3)

Sgrms=getLabel-Ngrams(Ssyn, )

NSgrms=getLabel-Ngrams(nograms, 5)+N Ssyn

/! Mgrms is set of N-grams for Mild
class
// Sgrms is set of N-grams for Severe
class
// NSgrms is N-grams set of No-symptoms
class
5 End
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Initializing sets:

e fisaset of common symptoms that is selected from the
Symptoms detection phase.

M, is a set of synonyms for “Mild".

S,yn is a set of synonyms for “Severe” symptoms.

NSy, is a set of synonyms for “No-symptoms".

10 grams 18 @ st of negation words.

Define the function getLabel-Ngrams():

e This function takes two parameters: y;,,, (synonyms for a
label) and f (common symptoms).

e It calculates 6,,,,,, which is the set of N-grams of a
required class, which is generated by combining syno-
nyms with common symptoms using y,,,, X f*.

¢ For example, if getLabel-Ngrams(M,,,,, §) called, it will
return N-grams for the class “Mild" like ‘mild fever’,
‘slight cough’

Generate N-grams sets for classes:

e M,,,is the set of N-grams for “Mild" symptoms, gener-

ated by calling getLabel-Ngrams(M,,,, §).

® S, is the set of N-grams for “Severe" symptoms, gener-
ated by calling getLabel-Ngrams(S,,,,, #).

e NS, is the set of N-grams for “No-symptoms" gener-
ated by calling getLabel-Ngrams(no p) and adding

NS

grams>

syn*

The algorithm calls the function getLabel-Ngrams( ) three
times, once for each severity level. The results of these calls
are stored in the variables M, , S, and NS,,,,,. These
variables contain the N-grams for the mild, severe, and no
symptoms severity levels, respectively. Finally, The outputs
of the algorithm 1 i.e. the three sets of N-grams: M,,,,,,, Sy,
and NS, are used as inputs to algorithm2.

Here are some examples of N-grams in the set M,,,,,, (Mild
severity level): mild fever, moderate cough, not bad sore
throat, few symptoms, and feeling better.

Some examples of N-grams in the set S, (Severe sever-
ity level): severe fever, difficulty breathing, chest pain, hos-
pitalized, and critical condition.

Some examples of N-grams in these NS,,,,,,; (No-symptoms
severity level): asymptomatic, no symptoms, feeling good,
healthy, and fine.

The algorithm gives dataset-rich N-grams to classify the

given text sentence into one of the four specified classes.
3.4.4 Algorithm-2: Severity classification

Algorithm 2 is designed for classifying the severity of
COVID-19 symptoms based on the content of a given tweet
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(7) using a predefined set of N-grams associated with differ-
ent severity levels: “Mild", “Severe"”, “No-symptoms" and
“Undefined". The pre requisite for the algorithm is M.,
Sgrams> and NS, as an input to classify 7. It examines each
7 in y and checks the N-grams with different patterns to
determine the tweet’s classification. If the tweet matches pre-
defined word sequences patterns, then it will be classified
with the corresponding class label.

Assuming M, set of "Mild" symptoms having [ ‘slight
fever’, ‘headache’] words in the set. S, set of “Severe”
symptoms having [“severe cough", “difficulty breathing"]
in it. no,,,, is N-grams for negation set having words
[‘no’,‘not’]. Lets consider an example tweet 7 as “I have
a slight fever and a headache". In this, the tweet mentions
“slight fever" and “headache" which match the N-grams in
M, (associated with “Mild" symptoms). There are no
negation words, and no words from S,,,,,,, are present. There-
fore, the algorithm assigns the severity label Sv, as “Mild"
to the 7.

Additionally, the algorithm is able to process sentences
with inverted severity representations. For example, when
presented with a tweet like, “I tested positive for omicron,
but I'm not experiencing any severe symptoms" the algo-
rithm correctly assigns it the label “Mild" It achieves this
even when the sentence does not explicitly contain words or
phrases that are commonly associated with ”"Mild" symp-
toms. Lines 9 and 15 of Algorithm?2 handle the case of
inverted severity representation in the tweet. The algorithm
checks if any words from the set M,,,,, or S,,,,,; appear after
a word from the set no,,,,. If so, the severity is shifted from
“Severe" to “Mild" or ‘‘Mild" to “Severe".

Algorithm 2 Algorithm for severity classification

Begin
Il’lpllt: T, NOgrams; Mgramsu Sgrams,
NSgrams

Output: Sy,

// Sv; output label

6 for 7 = @ do
7 if 7 has any (Mgpms) then
8 for words in 7 do
// handling inverted severity
sentences
9 if  words is  any(nograms) +
any(Sgrams) then
10 Svy is ‘Mild’
L goto step-6
11 Svyis “Mild” // labelled as ‘‘Mild’’
12 goto step-6
13 else if 7 is any (Sgrms) then
14 for word in 7 do
// handling inverted severity
sentences
15 if  words is  any(nograms) +
any(Mgrams) then
16 Svy is “Severe”
L goto step-6
17 Sv; = “Severe” // labelled as
‘Severe’
18 else if 7 is any (NSyrms) then
19 Svy is “No-symptoms” // labelled as
‘No-symptoms’
20 goto step-6
21 else
22 Svy is “Undefined” // labelled as
‘undefined’
23 Write Sv;

24 return to 6
25 End

When building an ML model, the framework labelled
dataset is used to train it. The development data is set
aside to fine-tune the model’s hyper-parameters, which
are adjustable settings that can affect the model’s per-
formance. By adjusting the hyper-parameters using the
development data, the model’s accuracy can be improved,
resulting in more accurate predictions when it is deployed
in real-world scenarios. In this study, for training deep
learning, the AdamW optimizer is used with a learning
rate of 0.00005 for BERT-based models and 0.001 for
LSTM models. The baseline methods used in this study
are:
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Table 4 Sample classification S.No Tweet Class
results generated by the .
proposed SENSECOR 1 Turkish president Erdogan and his wife tested positive for Mild
framework #Omicron variant of Covid19. He said both he and
His wife have light symptoms.
2 @KimCraytonl I was tested positive with Omicron, feeling Severe
severe fever, uncomfortable in breathing.
Was admitted in hospital 3 days ago.
3 31 days and still tested positive of Covid without No-Symptoms

zero symptoms no fevers no chilling nothing.

RoBERTa: A large language model pre-trained on a mas-
sive dataset of text and code (Liu et al. 2019).

ELECTRA: A language model that is trained to distin-
guish between real and generated text. (Clark et al. 2020)

XLNet: A language model that is trained on a masked
language modelling task (Yang et al. 2019).

LSTM: A recurrent neural network that is used to process
sequential data (Hochreiter and Schmidhuber 1997).

BiLSTM: A bidirectional LSTM that can process sequen-
tial data in both directions (Graves and Schmidhuber 2005).

Random forest: A ML algorithm that builds multiple
decision trees to make predictions (Ho 1995).

Naive Bayes: A ML algorithm that assumes that the fea-
tures of a data point are independent of each other (McCal-
lum and Nigam 1998).

Support vector machine: A ML algorithm that finds the
best hyperplane to separate two classes of data points (Cor-
tes and Vapnik 1995).

The sample of tweet classifications using the SENSECOR
framework is presented in Table 4.

4 Results and discussions

The framework has identified the topmost common symp-
toms of Omicron and also provides valuable insights into the
diverse manifestations of this COVID-19 variant. Cold/flu-
like symptoms are the most prevalent, accounting for 33.86%
of cases. Fever is also a common symptom, affecting 30.02%
of people with COVID-19 Omicron. Other symptoms such
as tiredness, cough, sore throat, headache, and more exhibit
varying but notable percentages, underlining the diverse
range of manifestations in COVID-19 patients. While some
symptoms like chest pain are relatively rare at 0.44%, the
data illustrates the multifaceted nature of COVID-19 symp-
toms, which can assist healthcare professionals in diagnosis
and monitoring. The topmost Omicron symptoms identified
by the framework are listed in Table 5.

The performance of the rule-based severity detection
models of the SENSECOR is evaluated against ML models,
including BERT, ELECTRA, RoBERTa, XLNet, BiILSTM,
as well as traditional classifiers like SVM, Naive Bayes, and
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Table 5 The most common

symptoms identified by the Symptom Share?

framework Cold/Flu 33.86
Fever 30.02
Tiredness 9.90
Eyes 3.68
Cough 3.49
Sore throat 3.33
Headache 3.09
Running nose 2.49
Taste loss 244
Breathing 224
Fatigue 2.16
Smell loss 1.31
Skin rash 1.20
Chest pain 0.44

Random Forest. The manually labeled dataset is used for
testing the models performances. The performance assess-
ment results for various severity classification models are
presented in Table 6. The scores for the “Undefined" class
have been excluded from the table, as they are not utilized
in severity analysis.

In this study, it is observed that the deep learning model
BERT ELECTRA (Clark et al. 2020) outperformed other
extended models of BERT (Devlin et al. 2018). The study
showed that the RoOBERTa model achieved an accuracy of
82%, slightly lower than the BERT ELECTRA model. On
the other hand, XLNet achieved an accuracy of 82%, which
is better than RoBERTa but lower than ELECTRA. Com-
pared to the BiLSTM model, both ROBERTa and XLNet
models performed better with an accuracy of 82%. The BiL-
STM model is a sequence processing model that comprises
two LSTMs (Hochreiter and Schmidhuber 1997), one for
processing input in one direction and the other for process-
ing it in the opposite direction. The SENSECOR framework
achieves the highest accuracy of 91%, followed by BERT
ELECTRA at 83%. RoBERTa attains an accuracy of 82%,
while the remaining models have accuracies ranging from
76% to 81%. These results indicate that SENSECOR and
BERT ELECTRA exhibit good accuracy scores among all
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Table 6 Performance evaluation of models: presenting F-score, Precision, and Recall for each class along with the model’s accuracy

Model F-score Precision Recall Accuracy
No symptom Mild Severe No symptom Mild Severe No symptom Mild Severe
SENSECOR 0.89 0.92 0.92 0.85 0.94 0.93 0.88 0.92 0.93 0.91
ELECTRA 0.83 0.85 0.94 0.85 0.83 0.86 0.84 0.82 0.86 0.83
RoBERTa 0.80 0.83 0.82 0.82 0.89 0.87 0.83 0.87 0.78 0.82
SVM 0.83 0.85 0.85 0.81 0.88 0.86 0.84 0.82 0.84 0.82
XLNet 0.81 0.87 0.77 0.83 0.86 0.85 0.84 0.82 0.84 0.82
Random forest 0.74 0.86 0.80 0.86 0.83 0.87 0.80 0.84 0.87 0.81
Naive Bayes 0.80 0.84 0.87 0.74 0.86 0.88 0.86 0.83 0.87 0.81
BiLSTM 0.76 0.77 0.81 0.77 0.81 0.78 0.75 0.74 0.85 0.77
LST™M 0.81 0.78 0.73 0.84 0.81 0.67 0.77 0.76 0.81 0.76
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Fig.3 Multiclass one-vs-rest (OVR) ROC curves for the ML models. Here class 0 (No symptoms),class 1(Mild), class 2(Severe), and class

3(Undefined)

models, while the others exhibit slightly lower performance
on the given dataset in terms of accuracy.

The ROC response for the models is presented, with ROC
curves generated for class 0 (No symptoms), class 1 (Mild),
class 2 (Severe), and class 3 (Undefined). The ROC curve of
the trained models is shown in Figs. 3 and 4. The SENSE-
COR framework severity classification phase is initially
developed using a rule-based approach. As a result, it does
not generate a Receiver Operating Characteristic (ROC)
curve, which is typically associated with ML models and
illustrates the trade-off between true positive and false posi-
tive rates. This approach ensures that the framework classi-
fies severity without the need for probabilistic thresholds or
ML models, making it a reliable tool for severity detection
using social media data.

The proposed framework can also identify the gender,
organization, or non-organization of the tweets. This infor-
mation can be used better to understand the distribution
of tweets from different groups and to identify potential
sources of bias. The dataset used in this study contains

68% tweets from individuals and 32% tweets from non-
individuals or organizations. This suggests that the major-
ity of tweets about the Omicron variant are coming from
individuals.

The pie chart in Fig. 5a shows the distribution of tweets
from individuals and organizations. As you can see, indi-
viduals account for the majority of tweets, while organiza-
tions account for a smaller minority. Figure 5b, Fig. Sc, and
d show the Omicron variant severity distribution for females,
males, and both males and females, respectively. As you
can see, males are more likely to report severe symptoms
than females. This is consistent with the study of (Bechmann
et al. 2022) shown that men are more likely to experience
severe illness from COVID-19 than women.

Organizational tweets are typically from news channels,
groups, and other sources. These tweets are not always asser-
tive tweets from individuals. For example, a news channel
might tweet about a study that found that the Omicron vari-
ant is more likely to cause severe symptoms in females. This
tweet would not be considered an assertive tweet because it
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Fig.4 Multiclass one-vs-rest (OVR) ROC curves for the trained deep learning models. Here class 0 (No symptoms), class 1(Mild), class
2(Severe), and class 3(Undefined)

is simply reporting on the findings of a study. Hence, such 4.1 Discussion on performance evaluation
tweets are removed from the analysis.

Overall, the framework can be used to gain valuable = The effectiveness of models in classifying data is evaluated
insights into the distribution of tweets from different  using a confusion matrix. This matrix comprises four com-
groups and the severity of the Omicron variant in different  putations that include true positives (tp), which represent cor-
populations. rectly identified class samples. True negatives (tn) indicate the
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Fig.5 Pie chart for a Participation of Persons with organizations and Severity classification of b Female, ¢ Male, d All male and female

presence of a sample that is correctly not linked to the intended
class. False positives (fp) occur when a sample is incorrectly
predicted, resulting in a Type 1 error. Finally, false negatives
(fn) occur when a sample is not recognized as belonging to
the class it represents.

The performance measurements of multi-class classifica-
tions are calculated using multiple mathematical equations
given from Eq. (2) to Eq. (8). These metrics assess the per-
formance across multiple classes, denoted as C;, where tp; are
true positive for C;, and fp; is false positive, fi; is false negative
for class i, and n; is true negative for class i respectively. The
equations account for various classes, and the resulting indices
are averaged using either the micro M or macro y approach,
incorporating a constant / from i. The weightage given to recall
compared to precision is influenced by the value of Y. Where
Y is chosen such that recall is considered Y times as important
as precision. Specifically, Y is selected to reflect that recall is
considered Y times as significant as precision in the evalua-
tion process.

The multiclass F-score can be calculated using Eq. (8).
Equation (9) and Eq. (10) are used to calculate a ROC curve
(receiver operating characteristic curve) for showing the clas-
sification performance of models in a graph format.

Zl (1pi+m;)
Accuracy = = "Jrlf"f+fp iHini) )
Zﬁ—] tpi
Precision” = Z_— 3
D (i + 1)
Zﬁ-] Ip;
Recallu = — (€]

> (p;+ )

2+ D)Precision,, * Recall )

F =
Seorey (X2 Precision,, + Recall,) )
Eﬁ:] [pi
. i (i) (6)
P ==
recision, ]
[Zi:] tp,-
T (pitin) (N
Recall,;, = ———
ecally, 7
(Y% + 1)PrecisionyRecally;)
Fscorey, = > — 8)
(Y?Precision,; + Recally,)
m
R =
ip+fn )
FPR = ﬁ)J-CIIf = (10)

The degree of steepness in the ROC curve is used to enhance
the true positive rate while decreasing the false positive rate.
Hence, the performance evaluation of different classifiers
on the severity dataset shows that the classifiers have given
satisfactory performance in detecting the severity.

The severity classification phase of the SENSECOR
framework has concluded that the Omicron variant of
COVID-19 exhibits mild characteristics. To confirm this
finding, a cross-reference is performed with studies relying
on conventional data sources, including patient records and
surveys. According to the proposed study’s results, 80% of
the classified tweets indicated mild symptoms, 18% exhib-
ited severe symptoms, and 2% reported no symptoms. The
tweets falling under the undefined category are excluded
from the analysis, as they did not discuss severity. The word-
cloud for each severity class is presented in Fig. 6.
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Fig.6 Word cloud of each class

4.2 Comparative study

The validity of the COVID-19 Omicron severity results
produced by the proposed framework has been confirmed
by comparing the results with other studies conducted by
researchers. These studies, which relied on patient hospital
records rather than social media data, encompass references
such as studies of (Wrenn et al. 2022; Nealon and Cowling
2022; Maslo et al. 2022; Mayr et al. 2022) and others.

Authors (Wrenn et al. 2022) discovered that infections
attributed to the Omicron variant resulted in significantly
lower morbidity, including reduced hospital admissions and
the need for oxygen supplementation, as well as substan-
tially lower mortality rates compared to those caused by
the Delta variant. Authors in (Nealon and Cowling 2022)
studied the COVID-19 Omicron variant using laboratory
and genomic data of hospital surveillance data linked to
COVID-19 cases. The authors confirmed that the Omicron
variant may cause less severe illness. The authors in (Maslo
et al. 2022) compared the characteristics and outcomes of
hospitalized patients in South Africa during the Omicron
wave of COVID-19 to previous waves of the pandemic. The
authors analyzed data from 5 hospitals in the Western Cape
Province of South Africa. Authors in this study suggest
that the Omicron variant of COVID-19 may be less severe
regarding mortality. The authors in (Mayr et al. 2022) con-
ducted a retrospective analysis using a matched cohort of US
patients to compare the disease severity of subjects infected
during the SARS-CoV-2 Omicron and Delta predominant
periods. The results showed that during the Omicron period,
a higher percentage of patients had mild disease, and a lower
percentage had moderate or severe disease than the Delta
predominant period.

There is a prevailing belief among users that the Omi-
cron variant of COVID-19 is comparatively less severe
than its predecessor, the Delta variant as per the study
(Christensen et al. 2022). While the Delta variant has been
linked to severe symptoms like shortness of breath, fatali-
ties, black fungus infections, and intense coughing, the
common symptoms associated with Omicron, including
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fever, runny nose, cough, and cold, appear to be milder in
nature. Reports also suggest that Omicron has resulted in
significantly fewer fatalities when compared to the Delta
variant, as highlighted in studies like (Johnson 2022;
Ulloa et al. 2022). Moreover, data gathered from various
countries indicates that Omicron carries a reduced risk of
hospitalization when contrasted with Delta, as outlined in
(Nyberg et al. 2022).

These findings are encouraging, suggesting that the Omi-
cron variant is less severe than initially thought. Hence the
framework is consistent with the results of other studies.
However, it’s important to note that despite its seemingly
milder symptomatology and lower severity in terms of hos-
pitalization and fatalities, the World Health Organization
has identified that Omicron exhibits a notably higher growth
rate and spreads with exceptional rapidity when compared
to the Delta variant.

The SENSECOR framework is well-suited for healthcare
applications, especially those involves rapidly evolving dis-
eases like COVID-19. It can effectively process unlabeled
data, particularly useful in healthcare where labeled data
may be limited. It is customizable to specific diseases or
populations. However, the SENSECOR framework also has
some limitations. It relies on a limited set of synonyms from
top users, which may limit its accuracy. It may struggle to
generalize to new or unseen data sources or to variations
in how people express symptoms. It does not learn from
data, so it may need frequent rule updates to stay accurate.
Despite these limitations, the SENSECOR framework is a
promising tool for agile healthcare applications, where rapid
deployment and explainable decision-making are essential.

Overall, the evidence suggests that the SENSECOR
framework is an accurate and reliable method for classify-
ing the severity of diseases. The framework can be applied
for real-time public health monitoring, early warnings, pub-
lic awareness campaigns, research, misinformation detec-
tion, epidemiological studies, global health monitoring, risk
assessment, and government policy adaptation. Hospitals
and healthcare facilities can use the framework to anticipate
and allocate resources more efficiently.
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5 Conclusion

Social media data is a valuable resource for understanding
public sentiment and behaviour related to various topics,
including health and disease. Additionally, social media
data is readily accessible and could be analyzed quickly
and at a large scale using ML and natural language pro-
cessing (NLP) techniques. These characteristics made
social media data a cost-effective and valuable tool for
monitoring and responding to pandemics and other public
health crises.

Proposed SENSECOR framework that uses the power
of ML and NLP to scrutinize large quantities of social
media data. The framework senses the severity level and
most common symptoms of the Omicron variant. The
severity level conclusions of the Omicron variant drawn
from the social media data by the SENSECOR framework
matched the studies that drew results on the Omicron vari-
ant using traditional data sources such as patient records
or surveys. It was found that the Omicron variant is less
severe than initially anticipated. The proposed framework
identified that cold, flu, fever, and tiredness are highly dis-
cussed symptoms among users. The proposed framework
processed the results in a shorter amount of time. Moreo-
ver, it could analyze any unlabelled data and conclusions.
The proposed framework has generated the results with
91% accuracy on the test dataset. BERT ELECTRA fol-
lows next.

With a little update to the framework rules, it could be a
valuable resource for public health officials and research-
ers in addressing future pandemics and epidemics. The
framework approach presented a promising opportunity
to understand the severity and identify symptoms of not
only the COVID-19 pandemic but also other public health
crises.
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