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Abstract

By analyzing sentiments on Twitter/X during the COVID-19 pandemic, this study adds to the existing
body of literature on new techniques to analyze social media’s ‘big data’. In this study, a sentiment
classification model was developed to accurately predict public sentiments on Twitter/X. Twitter’s Apify
crawler was used to scrape a sample of English language tweets from the social media platform using
hashtags:#covid-19vaccine,#coronavaccine #vaccinesaveslives, #getvaccinated, #coronavirusvaccine.
The study was from December 2020 to November 2021. Data preprocessing techniques were first
applied followed by a hybrid approach for sentiment analysis (both lexicon based natural language
processing and machine learning). Approval for the study was received from Texila American
University, ethical concerns were limited as no personalized data or human subjects were used. Data
processing and analysis using PYTHON involved the use of Natural language processing techniques
(VADER) to classify the sentiment and predict accuracy of the model developed. Trend analysis showed
that as tweets increased with each month, tweets became negative with fear and anxiety being commonly
expressed emotions. Over the study period, there was a statistically significant difference in sentiment
polarity (positive p=0.000; negative p=0.02). VADER analysis predicted that this trend (increasing
negative polarity with time) is likely to continue in future epidemics as correlates with existing machine
learning models (Random Forest and Support Vector Machine) both validated this trend. It is evident
that sentiment analysis techniques can be leveraged for the purpose of public health disease
surveillance and to enable the identification of trends, forecasting public perception and behavior.
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the exchange of experiences and ideas that are
related to prevention and treatment.

Introduction

In recent years, social media platforms have Since individuals have turned to social
become integral in shaping public opinions and media platforms to voice their sentiments and
reflecting societal trends. The COVID-19 experiences, the dynamic interplay of emotions
pandemic has brought to the forefront the has indicated broader societal anxieties and
importance of understanding the discourse coping mechanisms in response to the
surrounding this global crisis. Twitter/X, with pandemic. In particular, social media has
its vast user base and real-time nature makes it served dual roles as both a source of connection
a valuable source for analysis of public and a vector for misinformation, complicating
sentiment related to the pandemic. By analysing the public’s understanding of the crisis [1]. This
‘big data’, researchers can get valuable insights underscores the vital need for effective public
into public  perceptions, concerns, and health surveillance and communication to guide
behaviours. Twitter/X has played a crucial role their emotions. Studies have suggested that
as a source of health information, allowing for with a deeper understanding of science and

reminders to check source accuracy, people can
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differentiate  between true and false
information, which improves their decisions
related to information sharing on social media
[2-7].

There is a growing need for methodologies
that can be leveraged to extract insights from
the massive volume of real-time internet data.
Researchers can harness the power of ML to
analyze vast amounts of Twitter/X data
efficiently, and rapidly gain valuable insights
into the complex dynamics of public opinion
during significant events like the COVID-19
pandemic. This ability to rapidly generate
insights is a strength of Natural Language
Processing (NLP) and machine learning (ML)
techniques. Exploring the intersection of social
media sentiment and public health surveillance
can inform health policy decisions and
strategies in real time. Moreover, social media
as a complementary surveillance tool can be
useful for tracking public sentiment across
affected countries and demonstrating coping
mechanisms across geographic regions during
crises [8, 9]. A study that utilized this approach
to analyse the emotional indicators extracted
from  COVID-19  Geo-Tagged  tweets
demonstrated  significant mental  health
implications across diverse regions, suggesting
that policymakers should consider public
emotional distress as a factor in their strategies
[10].

Ultimately, integrating innovative
surveillance methods can enhance the capacity
to manage public health challenges effectively,
and enable public health officials to better
understand community concerns and tailor
interventions particularly during public health
crises, such as the COVID-19 pandemic. The
immediacy and interactivity of social media
allow for real-time monitoring of public
opinions and behaviors related to health risk
factors. For instance, recent analysis has
demonstrated how Twitter sentiment can be
indicative of shifts in cancer risk factors,
particularly during the COVID-19 pandemic,
with findings revealing positive sentiments

related to physical activity and nutrition,
despite rising anxiety levels linked to smoking
and alcohol use [11].

NLP and ML approaches have enabled
researchers, program planners and public health
experts to uncover nuances and sentiments that
would not be immediately apparent through
manual analysis, thus enabling data-driven
decision making and recognizing how public
perspective changed during the ongoing
pandemic [12]. This has been instrumental for
developing focused interventions, appropriate
policies and improved communication
strategies to promote public health. However,
using Twitter data for research, particularly in
the context of public health surveillance, raises
significant ethical considerations that demand
careful scrutiny. Researchers must navigate
issues of privacy and consent, as tweets are
public by nature yet encompass personal
expressions of sentiment and experience. The
need to balance the utility of this data for
understanding public health responses during
emergencies, as exemplified by the COVID-19
pandemic, against the potential for harm or
misinterpretation is  paramount.  Ethical
frameworks must be established to ensure that
data usage respects individuals rights and
accurately reflects the context of the messages.
By addressing these ethical dimensions,
researchers can promote responsible practices
that uphold the integrity of public health
discourse.

ML algorithms can accurately determine the
sentiment behind emoticons and decipher the
meaning of abbreviations in tweets. A range of
computational methods are used in Quantitative
Text Analysis (QTA) [13] to convert textual
data or natural language into structured format
for  sentiment  analyses.  High-quality
preprocessing of data mitigates bias and
improves the accuracy of sentiment analysis.

This study contributes to the existing body of
literature by offering a comprehensive
statistical and ML approach for COVID-19
sentiment analysis on Twitter/X. The aims are



1) to provide valuable insights into public
perceptions, behaviors and concerns related to
the pandemic and 2) recognize how these
perceptions and behaviors evolved over the
study period.

Materials and Methods

In accordance with Twitter/X public policy,
registered users provide consent for collection
of some data for aggregate analytics and
research purposes. Apify’s Twitter Scraper was
used to collect tweets, without the need for a
Twitter account. The relevant hashtags and the
time frame for the study were specified. The
following hashtags were used: #covid-
19vaccine, #coronavaccine,
#vaccinesaveslives, #pfizercovidvaccine,
#astrazenecacovidvaccine,
#modernacovidvaccine,
#sinopharmcovidvaccine, #getvaccinated,
#coronavirusvaccine. They were organized by
month within a time frame of December 2020
to November 2021. The extracted tweets were
accessed in a CSV format.

VADER Sentiment Analysis. VADER
(Valence Aware Dictionary and sEntiment
Reasoner) is a lexicon and rule-based sentiment

analysis tool that is specifically attuned to
sentiments expressed in social media and works
well on texts from other domains. See Fig 1 for
the conceptual framework utilized in this study.
Using Python libraries for natural language
programming, pre-processing techniques were
applied to improve the quality of the data,
reduce noise and prepare it for the machine
learning models. Preprocessing steps included
filtering, tokenization, stemming, and stop-
word removal. All links, special characters, and
usernames were removed from the tweets.
English tweets with the above hashtags were
loaded into the DataFrame in Python. Each
tweet was assigned a sentiment label (positive,
negative, and neutral). Tweets with positive
sentiment (value greater than zero) indicated an
optimistic  attitude towards COVID-19
vaccination program, while tweets with
negative sentiment (value not greater than zero)
represented a predominantly pessimistic
attitude towards the vaccination program.
Tweets with neutral sentiment (value equal to
zero) indicated a lack of strong emotion or
opinion. One way ANOVA was used to
compare sentiments across the study period.

Steps in using VADER sentiment analysis are outlined below:

Algorithm 1: Sentiment Analysis of Twitter Data (SATD)

Input: Twitter Data (TD) using APIFY (for Twitter)

Output: Sentiments of TD

sl s

If Sentiment Value: =0

Return 0 //’Neutral”

If Sentiment Value > 0:

Return 1 //’Positive”

else:

Return 2 //”’Negative”

5. Compute Sentiment Value

Take COVID -19 TD from 1 June 2021 to 31 December 2021
Preprocess and clean TD using Pandas

Classify sentiment using VADER sentiment function

. Sentiment Value = VADER (sentence).sentiment [0].

6.  Use VADER to measure accuracy of sentiment expression in the future

Steps in Supervised Machine Learning using
both Sector Vector Machines (SVM) and
Random Forest (RF).

1. Split the data into training sets (80%) and
test sets (20%) using Most Persistent
Feature Selection (MPFS) method



2. Develop baseline classifier model using 2
training and testing models - Random
Forest (RF) and Support Vector Machines
(SVM)

3. Conduct regression analysis in the
calibration phase of the trained datasets.

4. Compare the performance of the baseline
classifier models using five statistical
metrics in the verification phase on
selected data sets.

Machine learning (ML) methods for
sentiment analysis rely on the feature selection
of labeled data sets to perform the classification
task. Using Supervised Learning Algorithms
(SLA) a classifier model was developed to train
features (words or phrases in the text) on 80%
of the data, which is then used to classify the
unseen test data (20%). We used Most
Persistent Feature Selection (MPFS) method
[14]. and developed a baseline classifier model
using Random Forest (RF) and Support Vector
Machines (SVM).

The popular machine learning algorithm RF
is renowned for its adaptability and capacity to
manage problems involving both classification
and regression [15]. SVR is a data-driven
learning machine for solving any classification,
regression analysis, prediction, and pattern
recognition problems [16]. Using two models
for combining in the study enables the
convergences of information from several
sources on the surface features of the data.

The ensemble classifiers were trained on
bigram as well as trigram features in the
classifier model and fitted to train the data in
SVM, where a nonlinear kernel was then used
to capture the nonlinear structure of the data.
The accuracy of regression analysis in both
SVM and RF, was compared with the baseline
classifier models using five statistical metrics:
Pearson  correlation  coefficient (PCC),
Willmott Index (WI), mean absolute error
(MAE), mean absolute percentage error
(MAPE) and Positive Bias (PBIAS) [see
Equation 1 showing the formula used].

Results

Out of 194,378 tweets in English, a total of
144,911 (74.5%) were studied using selected
hash tags related to COVID -19 vaccination.
Overall, the most frequently expressed
sentiment toward vaccination was neutral
followed by negative and then positive (mean
values: neutral 6126.8; negative 3282.2;
positive 2666.9) [Table 1]. The results of one-
way ANOVA using VADER demonstrated a
significant difference between the mean
positive sentiment expressed by Twitter users
over time (df=1, F-statistic of 29.406, p=0.000)
and significant difference in mean negative
sentiment (df=1, F-statistic of 7.599, p=0.02).
However, Twitter users predominantly
expressed neutral  sentiments  regarding
COVID-19 vaccination, with no significant
differences compared to positive and negative
sentiments (df=1, F-statistic of 0.304, p-value =
0.593) [Table 2]. VADER analysis forecasted a
lower probability of expressing positive
sentiment (ranging from 15% to 17%) and a
higher probability of expressing negative
sentiment (ranging from 30% to 35%).
Interestingly, the probability of expressing
neutral sentiment was highest among all
categories (ranging from 48% to 50%).

We used SVM and RF for both classification
and regression. Regression analysis showed
that every month the number of tweets with
negative sentiment score increased (p=0.02)
and positive sentiment score decreased
(p=0.00). There was an inverse relationship
between number of tweets with neutral
sentiment score that was not significantly
different from other sentiments (p=0.593).

The performance analysis of these ML
models was generated based on five indices:
[Table 3].

Pearson’s Correlation Coefficient (PCC),
which measures the linear relationship between
predicted and actual sentiment values. PCC
values close to one show strong correlations.

Willmot Index (WI), which assesses the
agreement between predicted and observed



sentiment values. WI values close to one
suggest accurate prediction.

Mean Absolute Percentage Error (MAPE),
which calculates the average percentage
difference between predicted and actual values.
MAPE values close to zero signify better
accuracy.

Mean Absolute Error (MAE), which
measures the average absolute difference
between predicted and actual values. MAE
values close to zero indicate high accuracy.

Percentage Bias (PBIAS), which assesses
the overall bias in predictions with positive
values indicating overestimation and negative
values indicating underestimation. A value
close to zero signifies balanced predictions.

Calibration Phase

Support  Vector  Regression  (SVR)
formulates prediction as a convex optimization
problem, ensuring that it finds the global
minimum during training. This avoids
convergence issues and produces more stable
and reliable results.

Neutral sentiment (NRS)

SVR-NRS:

1. PCC: 0.972 (Very high correlation).

2. WI: 0.800 (High agreement).

3. MAPE: 0.208 (Very low average
percentage error).

4. MAE: 0.002 (Minimal absolute errors).

5. PBIAS: -0.041 (Slight underestimation).

RF-NRS:

1. PCC: 0.956 (Very high correlation).

2. WI: 0.734 (Moderate agreement).

3. MAPE: 0.359 (Low average percentage
error).

4. MAE: 0.002 (Minimal absolute errors).

5. PBIAS: -0.002 (Balanced predictions).

Both RF-NRS and SVR-NRS had very high
PCC values (0.956 and 0.972 respectively)
indicating strong correlation. RF-NRS had a W]
value (0.734) and SVR-NRS (0.800) indicating
a close match between predictions and actual
value. SVR-NRS had the lowest MAPE
(0.208). Results were classified into very high,

high, moderate and small depending on the
different metrices. For PBIAS classification
was underestimation, balance, and
overestimation of the bias.

Negative sentiment (NS)

SVR-NS:

1. PCC: 0.909 (Very high correlation).

2. WI: 0.786 (High agreement).

3. MAPE: 0926 (Moderate average
percentage error).

4. MAE: 0.003 (Small absolute errors).

5. PBIAS: -0.189 (Underestimation).

RF-NS:

1. PCC: 0.862 (High correlation).

2. WI: 0.571 (Moderate agreement).

3. MAPE: 1.663 (Decent average percentage
error).

4. MAE: 0.004 (Small absolute errors).

5. PBIAS: -0.255 (Underestimation).

Both  models indicated a  slight
underestimation of PBIAS (SVR-NS, -0.189;
RF-NS, -0.255).

Positive sentiment (PS):

SVR-PS:

1. PCC: 0.859 (High correlation).

2. WI: 0.785 (High agreement).

3. MAPE: 0.373 (Low average percentage
error).

4. MAE: 0.002 (Minimal absolute errors).

5. PBIAS: 0.052 (Balanced predictions).

RF-PS:

1. PCC: 0.469 (Moderate correlation).

2. WI: 0.455 (Fair agreement).

3. MAPE: 0.738 (High average percentage
error).

4. MAE: 0.004 (Small absolute errors).

5. PBIAS: 0.477 (Overestimation).

RF-PS showed very poor results with
WI=0.455 and PBAIS=0.477 while SVR-PS
attained better results with WI=0.785 and
PBAIS= 0.052. Similarly, SVR-PS and RF-PS
showed reduced MAE values (0.002 and 0.004
respectively).



Verification Phase

SVR-PS, SVR-NS and SVR-NRS as well as
RF-NS and RF-NRS showed high PCC values
indicating a high level of accuracy in predicting
sentiment. In this instance, RF-PS did not show
strong correlation. SVR-PS and SVR-NRS
have high WI values, suggesting that their
predictions match well with the actual
sentiment values. Low WI values were noted
for RF-PS and RF-NS which show that there is
low agreement with the actual sentiment values.

Lower MAPE and MAE values are
desirable, as they indicate smaller prediction
errors. SVR-PS, SVR-NS and SVR-NRS
achieved low MAPE and MAE values,
indicating their superior performance in this
aspect. RF-NRS had lower MAPE and MAE
values than RF-PS and RF-NS.

A PBIAS close to zero indicates balanced
predictions. SVR-PS has a slightly negative
PBIAS, indicating a slight underestimation.
Hence, SVR-PS and SVR-NRS stand out as the
most accurate and reliable approaches in this
study as a result.

Discussion

Our study contributes to the ongoing
discourse on the use of sentiment analysis for
opinion mining from social media platforms
and deploying new innovative approaches to
respond to public health emergencies. It
proffers a role for artificial intelligence in the
utilization of innovative ML and NLP as tools
for public health surveillance by offering a
snapshot of public sentiment in the period,
uncovering the trends and thus enabling a more
nuanced understanding of public perception to
the COVID 19 pandemic and attitude to
vaccination over the study period. As
methodologies advance on surface learning of
the characteristics and patterns of features.

The trend analysis was based on the use of
NLP techniques for sentiment analysis and
underscores the dynamics that unfolded within
the realm of social media during that
challenging time. Overall, neutrality was

prevalent with no significant divergence from
other non-neutral sentiment expressions. As
tweet volume increased, there was an increase
in negative sentiment, coupled with a decrease
in positive and neutral sentiments over time.
The ML algorithms predicted higher likelihood
of negative sentiment compared to positive
sentiment over time, with a significant portion
of the population adopting a neutral stance,
possibly indicating a state of uncertainty or a
reserved approach to tweeting about their real
opinions of vaccination. In the distinctive
approach deployed in this study, machine
learning predictive tools were used to decipher
and make predictions about positive sentiment
(PS), negative sentiment (NS), and neutral
sentiment (NRS). Overall, our results show that
SVM was a more accurate approach in all
sentiment  predictions  with  minimized
prediction errors. The integration of advanced
data preprocessing techniques enhanced the
accuracy of  sentiment  classification,
underscoring the feasibility of employing social
media analytics in public health surveillance.
VADER analysis predicted that negative
sentiment potentially related to vaccine
hesitancy, is likely to continue in future
outbreaks.

In the future, public health management will
be increasingly driven by big data and human
behavior forecasting. Understanding public
perceptions of the COVID-19 pandemic and
vaccination can provide real-time insights for
informed decision-making and the
development of targeted responses and
communication strategies [17]. Extensive
research has been conducted on public opinions
and emotions toward COVID-19 vaccines,
employing various methodologies over time to
identify key themes. For instance, a study from
India found that transparent and informative
messaging can increase the proportion of
positive comments on Twitter [18]. Other
studies have highlighted the need to build trust
in vaccines by countering misinformation
campaigns, with a rapid review showing that



such campaigns are negatively associated with
vaccine uptake [19-21]. An analysis of
persuasion technigques has revealed that
celebrities are used to post anti-vaccine
messages on Twitter, often focusing on
conspiracy theories and spreading fear and
concerns about vaccine safety and choice [22].
Trust has emerged as a prevalent positive
emotion regarding COVID-19 vaccines [23].
Sentiment analysis across age and gender
demographics has indicated that individuals
over 40 generally hold more positive views,
emphasizing the need for appropriate
messaging aimed at younger age groups,
particularly males [24]. This suggests the
importance of adolescent-friendly messaging
on popular social media platforms. User
behaviors toward vaccination are noted to be
influenced by community and individual
factors, varying with sociocultural contexts,
social circumstances, and personal experiences
[25]. These insights have emphasized the
importance of responsive public health
messaging to address sentiment shifts, dispel
misinformation, and enhance the overall
confidence in vaccination initiatives as
vaccination programs evolve [26].

Social media can also serve as a platform to
disseminate accurate information about the
pandemic, as well as preventive measures,
diagnostic and treatment protocols, to the
public, healthcare professionals and scientists
[27, 28]. Crowdsourcing scientific knowledge
has been noted as an effective way to examine
news [29]. The World Health Organization has
shared infographics that address myths about
the pandemic [30]. Several studies have
recommended that health agencies, health
information experts, scientists and journalists
should take ownership in the fight against
misinformation [31-33]. Other studies have
reported that tagging misinformation as going
against public health guidance increases
transparency [34, 35]. During the pandemic,
several Health ministries around the world used
online communication, especially social media

platforms like Twitter and Facebook, to provide
information, communicate warnings to the
public, and influence behavior during the
COVID-19 pandemic. Turkey’s Ministry of
Health’s (MoH) adopted a highly successful
social media communication strategy involving
content analysis of the content shared via its
official Twitter, Facebook, and Instagram
accounts [36].

A combination of behavior change strategies
and ML algorithms can therefore improve
prediction of human behaviors and solve public
health response to global crisis including but
not limited to pandemics, climate change, and
poverty. Policy makers can utilize ML and deep
learning techniques to promote health and well-
being as well as achieve the SDG goals. By
harnessing the power of ML for explaining
societal trends, public perceptions, beliefs and
concerns toward crisis situations, an evidence
base can be developed to guide the creation of
appropriate policies. For instance, by detecting
trends in sentiment over time, decision-makers
can adapt their messaging to address evolving
concerns and effectively engage with the
public. The rule — based sentiment analysis
techniques (VADER) employed in this study
provided valuable insights into the general
sentiment surrounding COVID-19 on Twitter
[37], offering a quantitative understanding of
the emotions and opinions expressed by Twitter
users and aiding in gauging the overall
perception of the pandemic within the online
community. Moreover, sentiment analysis in
the context of COVID-19 pandemic can also
help to identify misinformation and
disinformation, enabling authorities to combat
the spread of false narratives and enhance
public trust. Machine learning can be
automated using deep learning of features to
classify other datasets and thus open new
automated paradigms for public health
surveillance.

Limitations: This study has some important
limitations, hence further analysis and
validation are essential to fully understand the



practical implications of these results. First,
variability of how individual users express their
opinions makes text classification in machine
learning models very challenging. Second,
Twitter users may not be representative of the

different from users on other social media
platforms in other countries. This means that
generalizing the online data is a risk. Finally,
the granularity of data is limited by what can be
captured by Apify’s Twitter Scraper and the

entire population since only a small percentage duration of the study.
may be active on this platform, and they can be
Equations
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Conclusion

NLP and ML techniques rapidly provide
invaluable insights from real-time social media
data to better understand public attitude
towards COVID-19 as part of gauging
perceptions and behaviors and can contribute
immensely to public health surveillance. This
can be immensely useful for developing
targeted interventions, appropriate policies and
communication strategies to promote public

health. From the sentiment analysis, it is
evident that a wide range of emotions has been
expressed on Twitter/X with negative
perceptions becoming prevalent and this trend
is likely to continue in the future. In this
analysis, SVM outperformed RF in determining
the accuracy of sentiment polarity. NLP and
ML approaches can be helpful to stakeholders
involved in creating data-driven, responsive
health communication programs to mitigate the
impact of future pandemic.



Table 1. Description of Twitter dataset (TD)

Period Total #English %English | Sentiment
tweets tweets tweets Positive Negative | Neutral
Dec.,2020 12,776 9,592 75.08% 3213 2,099 4,280
Jan., 2021 15,658 12,084 77.17% 3485 2,570 6,029
Feb., 2021 14,913 10,635 71.31% 2,833 1,852 5,950
Mar., 2021 19,510 14,942 76.59% 4,514 3,222 7,206
Apr., 2021 21,134 16,238 76.83% 3,627 3,865 8,746
May, 2021 15,496 10,637 68.64% 2,780 2,186 5,671
Jun., 2021 14,855 9,952 66.99% 2,156 2,354 5,442
Jul,, 2021 16,501 12,235 74.15% 1,811 4,308 6,116
Aug., 2021 17,768 13,676 76.97% 1,902 4,732 7,042
Sep., 2021 16,486 12,287 74.53% 1,922 4,400 5,965
Oct., 2021 16,547 12,384 74.84% 2,139 4,225 6,020
Nov., 2021 12,734 10,249 80.49% 1,621 3,573 5,055
TOTAL 194,378 144,911 74.55% 32,003 39,386 73,522
Table 2. ANOVA using VADER
Sentiment Expression Sum of Squares | df Mean Square | F statistic | Sig.
Positive Between Groups 6602316.750 1 6602316.750 | 29.406 .000
Sentiment | Within Groups 2245264.167 10 | 224526.417
Total 8847580.917 11
Negative Between Groups 5067400.333 1 5067400.333 | 7.599 .020
Sentiment Within Groups 6668851.333 10 666885.133
Total 11736251.667 11
Neutral Between Groups 418880.333 1 418880.333 .304 .593
Sentiment Within Groups 13758247.333 | 10 1375824.733
Total 14177127.667 11
Table 3. Comparison of Support Vector Machine and Random Forest models
Calibration phase Verification Phase
PCC | WiI MAPE | MAE | PBIAS | PCC Wi MAPE | MAE PBIAS
RF-PS* 0.469 | 0.455 | 0.738 0.004 | 0.477 |0.367 | 0.318 | 1.399 0.006 1.365
SVR-PS 0.859 | 0.785 | 0.373 0.002 | 0.052 | 0.969 | 0.825 | 0.275 0.001 -0.021
RF-NS** 0.862 | 0.571 | 1.663 0.004 | -0.255 | 0.980 | 0.310 | 0.909 0.007 0.452
SVR-NS 0.909 | 0.786 | 0.926 0.003 | -0.189 | 0.938 | 0.589 | 0.267 0.002 0.112
RF-NRS*** | 0.956 | 0.734 | 0.359 0.002 | -0.002 | 0.947 | 0.713 | 0.297 0.002 0.146
SVR-NRS 0.972 | 0.800 | 0.208 0.002 | -0.041 | 0.958 | 0.822 | 0.255 0.001 0.020

*PS=positive sentiment; **NS=negative statement; ***NRS=neutral sentiment
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