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Abstract. Social media influencers, those with verified accounts or with
more than 10,000 followers, played a crucial role in the propagation of
narratives during the COVID-19 pandemic. We investigate their impact
by characterizing and contrasting the differences in content patterns be-
tween influential individuals versus public organizations during the pan-
demic, analyzing emotions, sentiments, and scientific claims expressed
in their Tweets. Advanced machine learning approaches, including cus-
tomized transformer models, few-shot learning, and large language mod-
els such as GPT-3.5, were used. The findings reveal a stark contrast in
sentiment usage across sub-domains like vaccines and lockdowns, with
organizations predominantly employing neutral tones while individuals
displaying a significant negative sentiment bias. Individuals often con-
veyed more negative emotions, whereas organizations exhibited greater
optimism. However, many claims from both groups were not verified,
highlighting the need to combat misinformation.

Keywords: COVID-19 - Emotion Detection - Sentiment Analysis - Sci-
entific Claim Identification - User Profiling.

1 Introduction

The emergence and pervasiveness of social media have transformed the way infor-
mation is disseminated and consumed globally [18]. Particularly, in the context
of the COVID-19 pandemic, social networks have played a vital role in informing
public sentiment and influencing behaviors [8]. It has acted as an indispensable
conduit for disseminating health advisories and updates on the virus’s progress.
Twitter 4 has become a hotbed for spreading rumors and false claims about the
virus, exacerbating public confusion and anxiety. However, the rapid spread of

4 Now known as X, we collected and executed the experiments while it was known as
Twitter.
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information and the omnipresent nature of the platform has also fueled misinfor-
mation, creating a “digital infodemic” parallel to the pandemic [29] and making
it difficult for the public to make informed decisions [14]. Influencers, defined
by individuals or organizations with a substantial following base, can amplify
messages, influence opinions, and mold social narratives [13]. The sharing of
questionable information by influential figures on Twitter has played a substan-
tial role in shaping misconceptions and distorting public understanding of the
pandemic.

While the influence of social media is undeniable, there exists a nuanced
divergence in the approach and impact of individual versus organizational influ-
encers. Individual influencers, comprising celebrities, thought leaders, and other
public figures, often present personal and subjective points of view. Their content
tends to reflect personal opinions, experiences, or endorsements, which can vary
widely in terms of accuracy and reliability [4]. On the other hand, organizational
influencers, such as official accounts of entities like the World Health Organiza-
tion (WHO), focus on disseminating verified information and official updates.
Their content is typically more factual, objective, and aligned with public health
guidelines [7]. This distinction is critical in understanding the landscape of social
media discourse during the pandemic, as the type of influencer can significantly
influence the nature and impact of the information being disseminated.

The current situation prompts a study of how individual and organizational
influencers uniquely shape the social media landscape during the COVID-19
pandemic. There exists a notable research void in thoroughly examining and
contrasting the content, sentiment, and impact of these distinct influencer cate-
gories. Understanding this discrepancy is essential to understanding the broader
effects of social networks on public opinions and behaviors during health crises.
Initial studies have delved into characteristics of COVID-19 Twitter data, track-
ing the emotional evolution expressed in Tweets during the pandemic by jointly
analyzing both the types of emotion and the overall polarity of sentiment [20,
24,33, 41,43]. However, as far as our knowledge extends, existing studies have
not undertaken a thorough analysis of the distinctions between organizational
and individual influencers for COVID-19-related Tweets.

This research categorizes influencers into individual and organizational en-
tities, examining content, sentiment, and emotional responses. It also evaluates
the influence of these Tweets on public sentiment and trust in scientific infor-
mation. This will help in understanding influencers’ roles and communication
strategies during the pandemic. In this study, we examine the following research
questions.

— RQ1: How do individual influencers and organizational influencers express
their opinions and communicate their perspectives about the COVID-19 pan-
demic on Twitter and what are the differences? This inquiry aims to inves-
tigate the differences between individuals and organizations in terms of the
emotional appeals they use, the overall sentiment they portray, and the de-
gree to which they rely on scientific evidence.
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— RQ2: To what extent deep learning algorithms can effectively profile individ-
uals’ and organizations’ accounts on social media? This question focuses on
the identification and categorization of influencers in the dataset as either in-
dividuals or organizations, based on their characteristics and communication
styles using deep learning algorithms.

To bridge the gap between these research questions and actionable analysis,
four specific tasks were designed: user profiling, emotion detection, sentiment
analysis, and scientific content identification. We need these tasks to understand
the nuanced dynamics of Twitter discourse and also to leverage computational
methods to systematically categorize and evaluate the content. User profiling is
essential for distinguishing between individual users and organizations, facilitat-
ing an analysis that considers the source of each Tweet. This differentiation is
crucial for RQ1, as it allows for an investigation into the unique communication
styles and content preferences of these two groups. Emotion detection and sen-
timent analysis further enrich this understanding by quantifying the emotional
and sentimental dispositions conveyed in Tweets, enabling a nuanced analysis
of the emotional appeals and overall sentiment portrayed by different users.
These tasks directly support the exploration of how opinions and perspectives
are expressed, as outlined in RQ1. Finally, the scientific content identification
task aligns closely with both RQ1 and RQ2 by evaluating the extent to which
Tweets rely on scientific evidence, a factor that can significantly influence the
credibility and reception of the information shared. Together, these tasks form
a comprehensive framework for addressing the posed research questions, lever-
aging deep learning and computational linguistics to uncover insights into the
digital discourse surrounding the COVID-19 pandemic on Twitter.

Due to the lack of a ground-truth labeled dataset, we developed a labeled
dataset by collecting 1875 influential Twitter posts related to COVID-19 and
annotating them using a multi-step pipeline. Each Tweet was manually labeled
by human annotators for user profile (individual or organization), emotion (joy,
sadness, fear, surprise, anger), sentiment (positive, negative, or neutral), and
presence of scientific claims (scientifically verifiable claims, scientific knowledge
reference, general scientific research) as illustrated in Fig. 1.

In our study, we used an automated approach to analyze the annotated
dataset using NLP algorithms. The core of our methodology involved apply-
ing Bidirectional Transformer Encoder Representations (BERT) [9] for general
text encoding, providing crucial foundational contextual embeddings for nuanced
language interpretation. To address the specificity of scientific content, we inte-
grated SciBERT, a BERT variant trained on scientific corpora, enhancing the ac-
curacy of scientific claim detection. Furthermore, we used large language models
like LLAMA2 and GPT-3.5 for their conversational understanding capabilities,
helping to analyze emotions and sentiments. These models were instrumental in
interpreting communicative intentions and subtleties within Tweets. This multi-
faceted NLP framework allowed for a comprehensive analysis of influencer cate-
gorization, sentiment, and scientific claim detection in the context of COVID-19,
leveraging the strengths of each model to fulfill our specific research goals.
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@) Alex Berenson & @AlexBerenson - Jan 12, 2021
Replying to @AlexBerenson
AND BTW: WE DO NOT KNOW HOW WELL THE VACCINE WORKS IN
PEOPLE OVER 75, MUCH LESS 80 OR 85, BECAUSE SO FEW OF THEM
WERE ENROLLED IN THE CLINICAL TRIALS. WE CAN GUESS AND TRY
TO EXTRAPOLATE FROM YOUNGER PEOPLE, BUT WE DO NOT KNOW.
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Fig. 1: Example Annotated Tweet From Our Annotated Dataset Demonstrating
Multilayer Analysis Across Dimensions of User Profiling, Emotion Detection,
Sentiment Analysis, and Scientific Claim Identification.

Our Contribution

— We created a unique dataset of manually annotated influential COVID-19

Tweets labeled for user profiles, emotions, sentiments, and scientific claims.
We leveraged this new dataset in conjunction with advanced machine learn-
ing approaches including customized transformer models, few-shot learning,
and Large Language Models. The GPT-3.5 model showcased impressive F1
scores, excelling with 0.91 for sadness, 0.89 for surprise, and SetFit performed
best for fear with an F1 of 0.85, 0.91 for anger and 0.92 for joy. In senti-
ment analysis, ROBERTaryitter €merged as a standout performer, achieving
leading F'1 scores of 0.72 for negative, 0.89 for neutral, and 0.78 for positive
sentiment. Domain-specific language models like SciIBERT demonstrated no-
table proficiency, with F1 scores of 0.87 for references, and 0.92 for general
scientific claims and SetFit achieved an F1 score of 0.97 for verifiable claims.
Key findings reveal individuals exhibit more subjective sentiment compared
to organizations’ impartiality; however, organizations disseminate higher
overall volumes of pandemic-related content. Across both groups, many as-
sertions lack rigorous verification, highlighting the imperative for validation
to combat misinformation. Additionally, we observed a marked polarity in
individual Tweets (positive or negative sentiments), in contrast to the more
neutral stance of organizations. The sheer volume of organizational Tweets,
however, outweighs individual Tweets. By empowering nuanced investigation
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across these facets, this research significantly enhances the ability to decode
complex perspectives and narratives that shape the discourse on social media
crises.

— Our study advances beyond traditional sentiment analysis and topic model-
ing by integrating a multi-dimensional approach. This includes user profil-
ing, emotion detection, sentiment analysis, and scientific claim identification,
providing a holistic understanding of COVID-19-related discourse on social
media.

The rest of this paper is structured as follows: Section 2 reviews relevant lit-
erature. Section 3 describes the data collection methodology and the annotation
process. Sections 4, 5, 6, 7 present the experimental approach and results for each
dimension of the analysis: user profiling, emotion detection, sentiment analysis,
and identification of scientific claims respectively. Finally, Section 8 concludes
the paper.

2 Related Work

Related work pertaining to user profiling, emotion detection, sentiment analysis,
and scientific claim identification are described below.

2.1 User Profiling

User profiling involves creating detailed profiles of users based on their social me-
dia activity and behavior. Several related works have addressed various aspects
of user profiling, including the identification of individuals and organizations and
the clustering of Twitter users.

Kappus et al. [19] leveraged network analysis and hashtag clustering to group
Twitter users based on their pandemic-related Tweets. Their study revealed
highly insular communities on the platform. Furthermore, Egger and Yu [11]
evaluated topic modeling approaches for COVID-19 Tweets related to cluster
travel, demonstrating the effectiveness of BERTopic. However, in contrast to
their approach of analyzing individual Tweets, our work aims to utilize user pro-
file attributes rather than focusing solely on their Tweets. Our research extends
existing methodologies by leveraging the power of transformer models, specifi-
cally BERT and BERTopic, to profile Twitter users. By examining their overall
behavior and engagement patterns, we gain a deeper understanding of users’
interests, preferences, and potential connections within the Twitter ecosystem.

One notable work is the development of the “demographer” Python package
[39], which focuses on identifying gender and ethnicity, and distinguishes between
accounts belonging to individuals or organizations. Another relevant study by
Liang et al. [23] introduced DUWE, a dynamic user profiling model that tracks
the interests of Twitter users over time using their Tweet history.
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2.2 Emotion Detection & Sentiment Analysis

The COVID-19 pandemic has led to several studies on the emotional impact
of the pandemic on individuals. Prior studies [1,26, 30] have employed natural
language processing techniques to analyze emotions and sentiments expressed
in COVID-19-related Twitter data. While sentiment and emotion are commonly
examined in tandem, it is noteworthy that there exist research endeavors ded-
icated to investigating these phenomena individually. For example, Nandal et
al. [27] leveraged lexicon-based approaches to identify specific emotions like fear,
sadness, and anger in Tweets. Similarly, Manguri et al. [25] used TextBlob for
analysis and observed that over 50% of the Tweets showed neutral sentiment.
Ainapure et al. [2] categorized Tweet sentiment as positive, negative, or neutral
using VADER sentiment analysis. Yu et al. [42] found increased engagement with
negative sentiment about COVID-19. Wrycza and Jacek [40] analyzed the topic
of working from home which highlighted a predominantly positive response.

Several works have tracked emotional evolution over the timeline of the pan-
demic. Jalil et al. [17] revealed fluctuating positive and negative sentiments to-
wards vaccines using supervised learning classifiers. Storey and O’Leary [33]
demonstrated a shift from predominantly negative linguistic sentiments in early
2020 to more positive expressions by 2021 using the NRC Emotion Lexicon.

Previous research [6, 10, 36] focused on sentiment and emotion recognition
utilizing lexicon-based Python tools. Our technique, on the other hand, employs
transformers and LLMs to efficiently solve both sentiment and emotion detection
tasks. Our study specifically aims to analyze the sentiment conveyed within
Twitter, employing gold-standard data for this analysis.

2.3 Scientific Claim Identification

Recent works have sought to develop methods for the identification of scien-
tific claims, with a particular focus on claims related to COVID-19. Saakyan
et al. [32] presented COVID-Fact, a system designed specifically for verifying
COVID-19 claims using the CORD-19 corpus. Wadden et al. [37], on the other
hand, proposed a general framework for scientific claim identification using se-
mantics to model claims and evidence. While promising, current scientific claim
identification methods have limitations to address moving forward. Wadden et
al. [38] improved claim identification in LONGCHECKER by considering full
abstract context rather than isolated sentences. However, as noted by Landers
et al. [22], existing frameworks still face challenges with scientific terminology
and reasoning.

The SciTweets annotation framework by Hafid et al. [16] provides a valuable
foundation for our scientific claim identification task. Their taxonomy categorizes
Tweets as direct scientific claims, references to sources, or general terminology.
We adopt this multi-label approach in our COVID-19 Twitter dataset, annotat-
ing for scientific claims, sources, and terms.

While previous works have predominantly concentrated on general Tweets
across the platform, our research places emphasis on COVID-19 Tweets. In con-
trast to most prior studies [32,37,38] that rely on transformer based models such
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as BERT and its variations, our work encompasses a diverse set of models by
leveraging LLMs in addition to transformers.

3 Data Collection & Annotation

The data collection from Twitter was tailored to capture a diverse array of
discussions related to COVID-19 which was subsequently annotated.

3.1 Data Preparation

We used a dataset created by Zuo et al. [44] that contains more than 447 million
Tweets collected from September 2020 to October 2021.

Influencers Accounts. We defined influencers as individuals and organizations
that have verified accounts or those who have accounts with more than 10,000
followers.

Data Sampling. To create manageable samples for annotation and analysis, we
employed iterative, targeted sampling strategies. After initial random sampling,
we used keyword filtering to focus on Tweets about key topics like “face mask”,
“vaccine”, and “quarantine”’, compiling corpus subsets specific to different analysis
tasks. Using BERT and cosine similarity, we removed semantically similar Tweets
to avoid annotation overlap. Through this multi-stage sampling approach, we
arrived at final samples of 1875 Tweets only from influencers’ accounts.

3.2 Manual Data Annotation

The study used a manual annotation process for Tweets, with three Computer
Science undergraduate students proficient in English working together. For each
task, annotators were given clear and step-by-step instructions. Each Tweet was
randomly assigned to two, with a third adjudicated if needed. The consistency
of annotations was evaluated using an inter-annotator agreement score.

User Profiling. To classify influencers into two distinct groups of individuals
and organizations, we extracted user biographies and usernames associated with
each Tweet. Subsequently, we tasked our annotators with determining the clas-
sification of each account into either group. Individual profiles are identified by
personal narratives, experiences, milestones, and interests, while organizational
accounts focus on professional accomplishments, formal tone, and references to
collective entities or roles within organizations. The analysis yielded a Cohen’s
Kappa score of 0.96, indicating near-perfect agreement and reliability among
annotators.

Emotion Detection. Emotion detection, aimed to identify the emotions ex-
pressed in Tweets. Emotion detection is split into two sub-tasks: whether a
Tweet contains emotion or not, and if yes, what is the type of emotion? Ekman
et al. [12] categorized human emotions into anger, surprise, disgust, enjoyment,
fear, and sadness. We noticed many occurrences within these categories, except
for disgust, where there were fewer samples available. As a result, we adjusted
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our framework to cover five primary emotional categories: joy, sadness, surprise,
fear, and anger for investigating emotions expressed in Tweets. The consistency
of the annotation task was assessed using a Jaccard Index score of 0.47 which
represents moderate agreement among annotators for multi-categorical annota-
tions. Also, to address the challenges of annotating emotions in a large dataset,
we employed text augmentation techniques. We used back-translation, translat-
ing Tweets into foreign languages and back into English. This approach resulted
in an augmented dataset with over 11,000 Tweets.

Sentiment Analysis. Our team of annotators analyzed each Tweet from the
author’s perspective to identify clear expressions of sentiment polarity. They
classified Tweets into three categories: positive (hope, support, optimism), neg-
ative (fear, frustration, sadness), and neutral (no emotional expressions). We
categorize Tweets based on the author’s intended emotion rather than solely
isolated linguistic components. For instance, we labeled the following Tweet as
neutral in sentiment:

“We have jobs at serious risk NOW' ! 67 of our industry cannot survive an-
other lockdown! That is 32k high at salons amp; 251k jobs! amp; 21 billion lost
to gdp So businesses are on their knees trading at 40! So please listen uk.”

Despite negative phrasing like “at serious risk” and “cannot survive”, our
annotation process deemed the Tweeter’s perspective as more objective than
emotional. This exemplifies why we categorize based on holistic authorial intent
rather than isolated linguistic components. By annotating based on intended
emotion rather than isolated syntax, our methodology enables richer sentiment
analysis. The Cohen’s Kappa value of 0.46 indicates moderate alignment in sen-
timent annotation among our annotators. This level of agreement is considered
reasonable, given that sentiment analysis involves a certain degree of subjectivity
as a result of the inherent complexities of human emotions and language.

Scientific Claim Identification. To identify the type of scientific information
present in Tweets, we adopted the annotation scheme established in prior work
by Hafid et al. scheme [16] to identify and label Tweets for (i) Scientific claims
or assertions of direct knowledge about COVID-19, (ii) References or citations
to external scientific sources such as journals, reports, or news articles related
to COVID-19, (iii) General scientific lexicon (e.g. “study”, “data”, “researchers”)
without specific factual claims. For each Tweet, our annotators assigned binary
indicator values denoting the presence or absence of each scientific content type.
We found that Tweets can display multiple categories simultaneously, and a
score of 0.88 was obtained for Krippendorff’s alpha, indicating strong agreement
considering multi-categorical annotations.

Table 1 and Fig. 2 demonstrate the distribution of labels in different tasks
in our dataset. While individual and organizational accounts are nearly equally
represented, individuals exhibit higher rates of detected emotions and subjec-
tive positive/negative sentiment compared to organizations’ prevailing neutral-
ity. This evinces a contrast between the more emotional, subjective perspectives
of individuals versus the objective stances organizations maintain.
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Table 1: An Overview of Annotations and Labels in the Dataset Across 4 Tasks,
Including a Breakdown of [Ind]ividual and [Orglanizational Profiling.

Task Label | Total (%) Ind.(%) Org.(%)
User Individual 893 (48.0%) - -
Profiling Organization 964 (52.0%) - -
Emotion Existence| 709 (38.2%)  28.1 10.1
Joy 243 (13.1%) 8.7 4.4
Emotion Sad 138 (7.4%) 5.6 1.8
Detection  Fear 143 (7.7%) 5.4 2.3
Anger 278 (15.0%)  12.7 2.3
Surprised 97 (5.2%) 3.9 1.3
Sentiment Negative 364 (19.6%)  15.3 4.3
Deteocti Neutral 1194 (64.3%) 23.1 41.2
etection
Positive 299 (16.1%) 9.6 6.5
Claim Ezistence | 922 (49.6%)  25.1 24.5
Scientific ~ Verifiable 729 (39.2%)  19.9 19.3
Claim Reference 205 (11.0%) 5.3 5.7
General 143 (7.7%) 4.4 3.3

Additionally, despite nearly half of Tweets containing declarative claims, most
claims resist categorical verification, underscoring the need for rigorous valida-
tion to prevent misinformation, especially invoking scientific credibility. Further
examination shows unreferenced claims are common among individual and orga-
nizational users. Individuals exhibit a higher percentage of general claims lacking
citations. However, organizations have a slightly higher rate of referenced claims.
This highlights the imperative of verifying unchecked assertions invoking scien-
tific credibility across all user groups.

Our analysis reveals revealing contrasts in how individuals and organizations
engage on Twitter. As seen in Table 1, individuals are more emotionally expres-
sive overall, conveying greater anger while organizations project more joy. This
pattern extends to sentiment as well, with organizations maintaining an impar-
tial, neutral stance while individuals adopt more negative tones. The greater
subjectivity of individuals is juxtaposed with the detached objectivity organi-
zations pursue. Additionally, our claim analysis flags a concerning trend - a
substantial number of assertions across both groups are categorized as verifi-
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Sentiment Detection ; Detee
“motion Detection Scientific Claim Verification

Fig. 2: Percentage Breakdown of Individual and Organizational Accounts in Sen-
timent Detection (Left), Emotion Detection (Middle), and Scientific Claim Iden-
tification (Right) Tasks.

able, yet lack citations or factual references. Organizations hold a slight edge in
propounding these unsubstantiated but potentially verifiable claims.

4 Task 1: User Profiling

Identification of Twitter Account Ownership. Profiling the ownership of
Twitter accounts allows us to distinguish between official accounts represent-
ing companies, institutions, or brands, and influencers with personal views and
experiences.

To classify Twitter accounts into distinct categories of individuals and organi-
zations, we leverage Tweet metadata. Our account identification process is based
on three key features: Twitter name, Twitter handle, and Twitter biography. Al-
though this approach has its limitations, such as not utilizing the actual Tweets
posted by the account, it offers the benefit of requiring minimal information for
the model to generate accurate predictions. Concatenating these features pro-
vides a condensed input for our BERT classifier to categorize accounts as either
individual users or organizations. The data is divided into training and testing
sets, with a split of 80% for training and 20% for testing. To convert the Tweet
content into textual embeddings, a BERT layer is employed. Subsequently, these
embeddings are fed into a single dense output layer to facilitate the classification
process.

In addition to the BERT model, we also incorporated the Demographer [21] in
our experiments. As an established approach for demographic inference, the De-
mographer extracts user metadata, linguistic cues, and network patterns to pre-
dict age, gender, and location. However, empirical results revealed BERT’s over-
whelming advantage. BERT outperformed Demographer in key metrics, achiev-
ing an F1 of 0.95 and an accuracy of 0.96, highlighting its proficiency in encoding
semantic and contextual information from sparse text. Its self-attention mech-
anism can effectively model complex user attributes, despite lacking extensive
feature engineering.

Topic of Occupation of the Users. User bios on Twitter offer a chance to
understand the interests and occupations of the Twitter population. Occupation
provides valuable insight into a user’s knowledge base, credibility, authority, and
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Table 2: Top 5 Topics and Key Terms Identified Through Biography Clustering
of Individual and Organization Accounts.

Identified Topics # Accounts % Accounts
= KAG, Trump, Trump2020 15048 4.5
,g 18, NSFW, Onlyfans 14730 4.2
> |Periodista, Politica, Cuenta 10769 3.1
'g Film, Actor, Director 8977 2.6
= Resist, BLM, Bidenharris2020 5015 1.4
o |[Marketing, Business, Digital Tech. 7985 7.1
"5 Content, 18, Onlyfans Promo 6112 5.4
E Sports, Basketball, Athletics 4333 3.8
g‘o Football, Club, League 4210 3.7
5 Financial, Investment, Trading 4152 3.7

sphere of influence, thereby contributing to a nuanced understanding of how
Twitter influences vary across different professional segments. If an influencer’s
occupation is known, for instance, their Tweets might be given more weight if
they are considered experts in their field, influencing not only individual per-
spectives but also shaping collective societal discourse. Similarly, detecting oc-
cupation can also shed light on potential bias or vested interests, providing an
additional layer of contextual information that is important in analyzing the
authenticity and reliability of an influencer’s content. From a socio-economic
standpoint, knowing a user’s occupation can help discern how information and
influence diffusion patterns on Twitter correspond to various job sectors, thereby
enhancing our understanding of societal impact. Moreover, this knowledge could
be used to optimize targeted communication strategies, drive professional en-
gagement, and develop policy-making processes that effectively address the real-
time societal implications of Twitter-based influences.

By applying clustering techniques to textual descriptions in the user’s biog-
raphy, we can extract the most salient topics. Our approach leverages BERTopic
[15] to cluster Twitter bios. First, we categorize accounts as individuals or or-
ganizations using BERT. This allows specialized clustering based on how each
group crafts bios. For individuals, we extract professions, hobbies, and interests.
For organizations, we identify their core purpose.

To address the issue of BERTopic producing an excessive number of outlier
results, we used a technique that reduces outliers using probabilities obtained
from the HBDSCAN [5]. Twitter biographies are classified into a certain topic
cluster or an outlier group using the BERTopic algorithm, then the HBDSCAN
model groups the data based on the most relevant subject and determines the
likelihood that a Twitter bio belongs to any other cluster. Although these prob-
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abilities were not included in the initial topic clustering procedure, we reduced
the number of outlier bios by choosing the topic with the highest likelihood and
allocating the outlier to that category. To evaluate our optimized BERTopic ap-
proach, we compared the silhouette and coherence metrics [31] to a baseline.
Silhouette quantifies cluster cohesion and separation. Our score of 0.52 confirms
distinct, tightly clustered topics. Coherence measures topic interpretability. Our
high score of 0.80 indicates coherent, semantically aligned topics.

Our topic clustering analysis revealed distinct trends in interests and occu-
pations between individuals and organizations on Twitter. Table 2 displays the
top 5 topics identified for each group along with selected representative words
and the number of accounts per cluster. For individuals, politically-oriented top-
ics like “KAG, Trump, Trump2020” and “Resist, BLM, Bidenharris2020” feature
prominently, underscoring Twitter’s role in civic discourse. Entertainment inter-
ests like “Film, Actor, Director” also rank highly. Organizations showcase more
commercial themes, including “Marketing, Business, Digital Tech” and “Finan-
cial, Investment, Trading.” Sports-related accounts also comprise a major cluster,
consistent with the prevalence of teams and leagues on the platform.

The bifurcation between individuals and organizations is clearly evidenced
in these topic profiles. By categorizing accounts before clustering bios, we can
extract key themes unique to each group’s priorities and intentions on Twit-
ter. This table summarizes our core findings on the primary spheres of interest
emerging from biography text analysis.

5 Task 2: Emotion Detection

For this task, we developed a pipeline system to categorize emotions in Tweets.
First, a preliminary model filters Tweets to detect any emotions, while those
with detectable emotions are passed to the next phase. In the second stage, five
specialized classifiers evaluate each distinct emotion, identifying joy, sadness,
surprise, fear, or anger specifically.

To train models for our pipeline architecture, we partitioned the Tweet
dataset into three subsets - 70% for training, 20% for testing, and 10% for val-
idation. With the goal of classifying individual emotions, we implemented six
distinct binary classifiers. Five of these models focus on identifying the presence
of one specific emotion: joy, sadness, surprise, fear or anger. The sixth classifier
serves as a preliminary filter, detecting if a Tweet contains any emotion at all
before passing it to the specific emotion classifiers.

In our quest to determine the best classifier, we employed a BERT model
consisting of a BERT layer followed by a dense output layer. We evaluated the
performance of this model using both augmented and non-augmented training
sets. Moreover, to overcome the limitations posed by limited training data, we
harnessed the power of SetFit [35] as a few-shot learning technique. Additionally,
we have used LLMs like GPT-3.5 [28] and LLaMA-2-70B [34] and to probe these
models we have used the following prompt:
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“Classify the emotion of the Tweet. Does this Tweet contain any emotion?
Yes or No. Does this Tweet contain Joy emotion? Yes or No. Does this Tweet
contain Sad emotion? Yes or No. Does this Tweet contain Surprise emotion?
Yes or No. Does this Tweet contain Anger emotion? Yes or No. Does this Tweet
contain Fear emotion? Yes or No.”

This comprehensive approach enabled us to thoroughly explore and compare
various classifier configurations. Table 6 presents a comparative evaluation of
emotion detection performance using BERT, SetFit, GPT-3.5, and LLaMA-2-
70B models. Experiments were conducted using the both original dataset and an
augmented version expanded via back-translation. The results demonstrate Set-
Fit’s effectiveness as a few-shot learning technique, achieving the top F1 scores
for the existence of emotion. The model maintains consistent performance across
all categories as it uses sentence transformers to generate semantically meaning-
ful sentence embedding preserving the semantic integrity of entire sentences,
unlike traditional models such as BERT which uses individual tokens. BERT,
on the original dataset, exhibits high variance, for the F1 score. Its performance
is lowest for sadness and surprise. Augmenting the training data substantially
improves BERT’s performance, reducing its gap with SetFit. The augmented
BERT model attains a comparable F1 score to that of SetFit for emotion exis-
tence and for specific emotions. Furthermore, GPT-3.5 achieved the highest F1
score for detecting emotions like sadness and surprise.

Analysis indicates joy is detected most accurately by all models. This emo-
tion likely has a more recognizable linguistic pattern. Intrinsically more complex
emotions like sadness and surprise pose greater challenges for the BERT-based
model but the chat-based models were able to make better inferences of these
emotions as it is trained on a diverse range of text data. However, the chat-based
models were not able to detect the emotions from Tweets efficiently, and hence by
using better prompts the performance of these models can be improved. Overall,
GPT-3.5 demonstrates proficiency in multi-label Tweet emotion detection and
good choice for emotion-based tasks.

6 Task 3: Sentiment Analysis

Our main focus in the analysis was on assigning sentiment labels to the
Tweets, classifying them into three categories: positive, negative, and neutral.
We performed pre-processing steps to replace emojis and remove hashtags from
Tweets. Additionally, we replace usernames with “USER_ HANDLE”, URLs with
“URL_TOKEN”, and substitute special characters with NULL characters. To
ensure consistency, the entire text of the Tweets was converted to lowercase.
These preprocessing steps aimed to clean the data and standardize the text
for further analysis. We use BERT, RoBERTaryitter [3], SetFit, GPT-3.5, and
LLaMA-2-70B to conduct sentiment analysis on our dataset. RoOBERTaryitter is
a RoBERTa-base model trained on 58 million Tweets and fine-tuned for senti-
ment analysis using the TweetEval benchmark. The BERT model was fine-tuned
by adding a single dense layer with three outputs representing negative, neutral,
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and positive sentiments. Additionally, SetFit was employed, which is designed
to train models with limited amounts of data. For the LLMs we have used the
following prompt for sentiment detection:

Classify the sentiment of the author behind the Tweet as “Negative”, “Neutral”,
or “Positive”.

Table 6 shows that our task-specific model, RoOBERTarytter achieved the
highest F1 scores for identifying negative sentiment, and positive sentiment, and
performed competitively on neutral sentiment compared to SetFit. In contrast,
LLaMa-2-70B achieved the lowest F1 score in neutral sentiment. Conversely,
GPT-3.5 achieved the lowest score in negative sentiment.

Our findings demonstrate the effectiveness of using a model fine-tuned on
informal, social media text for accurate classification of sentiment polarity and
intensity. The social media-optimized RoBERTa architecture was best able to
capture the nuances and variances in how sentiment is expressed on such plat-
forms. This highlights the importance of using task and domain-specific models
for optimized performance on sentiment analysis versus general pre-trained mod-
els like BERT, SetFit, or LLMs alone.

Nevertheless, it is worth noting that our experimentation with TextBlob and
VADER lexicon-based models had subpar results in Tweet sentiment analysis
due to their limitations in contextual learning. These models were less suitable
for sentiment analysis than contextual models like BERT and RoBERTa. The
analysis also revealed that neutral Tweets were classified most accurately, while
negative Tweets posed the greatest challenges.

Table 3: COVID-19 Keywords for 6 Topics that were used for Sentiment and
Scientific Claim Analysis.

Topic Keywords

Face Mask mask, face, N95, KN95, covering, nose wire, adjustable strap,
breathable fabric

Travel travel, border, closures, hotel, passport

WFH wfh, home, remote, hotel, telecommuting, virtual, video, zoom

Social Distancing social, distancing, six feet, physical, close contact

Lockdown lockdown, stay home, curfew, restricted movement, quarantine,
isolation

Vaccine vaccine, vaccination, vaccinated, pfizer, moderna, astraZeneca,

johnson, sinopharm, sputnik

Topic-Targeted Sentiment Analysis. To analyze the polarity of the senti-

ments for specific discussion topics on Twitter, we filtered the full dataset to

extract relevant subsets of Tweets. As shown in Table 3, we focused on six key

topics and curated custom datasets for each one. For example, the “Lockdown”
bR A1)

topic, we searched for Tweets containing related terms like “stay home”; “cur-
few”. This coarse-grained, keyword-based approach produced subsets containing
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only relevant Tweets for each discussion theme. The sentiment expressed in these
subsets was classified using our top-performing model.

Fig. 3 depicts the polarity of sentiments expressed by influencers over a 220-
day period on six crucial themes. The graph reveals that influencers, including
individuals and organizations, predominantly express neutral feelings for all key
topics, indicating that influencers are primarily focused on distributing infor-
mation to their followers during a crisis. Individuals tend to display more neg-
ative attitudes than organizations, as organizations represent a collective entity
with goals, objectives, and brand images. They often maintain a professional
demeanor to avoid negativity in discussions. On the other hand, individuals are
more subjective towards their feelings. Furthermore, it can be noted that the
topic of face masks is rated least positively by both individuals and organiza-
tions. There were instances of misinformation and conspiracy theories involving
face masks throughout the pandemic and influencers may have been afraid to
market face masks for fear of endorsing or spreading inaccurate information.

® Individual = Organization

III In II| = II 1] IlI [T III T I| nl
Neg Neg

Neu Pos Neg Neu Pos Neg Neu Pos Neg Neu Pos Neg Neu Pos Neu Pos

Percentage
5888 8

Vaccine Travel Face Mask Social Distancing Lockdown&Quarantine WFH

Fig. 3: Individual vs. Organization Sentiment Polarity on Significant Topics Re-
lated to COVID-19. Individuals are more subjective towards their opinions
whereas organization tries to maintain a professional demeanor by posting neu-
tral Tweets.

7 Task 4: Scientific Claim Identification

The task of identifying scientific content on Twitter involves categorizing them
based on their scientific information. The annotation scheme labels Tweets for
scientifically verifiable claims, scientific knowledge references, and general scien-
tific claim. Each Tweet was assigned binary values representing the presence or
absence of these scientific content types, and multiple categories could be present
in a single Tweet.

In this work, we utilize a SciBERT-based [16] classifier for categorizing the
diversity of scientific content on Twitter. We implemented a multi-label system
to categorize scientific Tweet content. Tweets were assigned to one or more of
the three categories (similar to our annotation). Similar to the prior tasks, we
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Table 4: Comparative Performance Analysis of BERT, SetFit, Task Specific, and
LLMs in Emotion Detection, Sentiment Analysis, and Scientific Claim Identifi-
cation. Task Specific Models, for Emotion Detection, we employed BERT with
augmented data and for Sentiment Analysis, ROBERTaryitter was utilized and
SciBERT was employed for Scientific Claim Identification.

Task Label BERT SetFit Task Specific Model GPT-3.5 LLaMA-2-70B
P R A F1 P R A F1 P R A F1 P R A F1 P R A F1
Emotion Existence 0.850.77 0.77 0.81 0.83 0.82 0.83 0.83 0.850.79 0.84 0.83 0.75 0.70 0.70 0.70 0.76 0.59 0.59 0.56
Joy 0.79 0.81 0.93 0.80 0.93 0.91 0.94 0.92 0.85 0.79 0.90 0.82 0.91 0.91 0.91 0.91 0.91 0.81 0.81 0.84
Emotion Sadness 0.67 0.61 0.89 0.63 0.76 0.81 0.86 0.78 0.74 0.63 0.89 0.67 0.91 0.93 0.93 0.92 0.93 0.66 0.66 0.75
Detection Surprised 0.45 0.26 0.88 0.33 0.79 0.79 0.87 0.79 0.77 0.48 0.86 0.59 0.91 0.87 0.87 0.89 0.91 0.66 0.66 0.75
Fear 0.64 0.46 0.88 0.53 0.87 0.83 0.89 0.85 0.80 0.64 0.87 0.71 0.88 0.80 0.80 0.83 0.90 0.56 0.56 0.64
Anger 0.84 0.86 0.93 0.84 0.90 0.91 0.91 0.91 0.84 0.92 0.89 0.88 0.89 0.89 0.89 0.89 0.89 0.78 0.78 0.80
Sentiment Negative 0.68 0.53 0.53 0.60 0.64 0.66 0.66 0.65 0.77 0.68 0.67 0.72 0.47 0.73 0.73 0.57 0.35 0.69 0.46 0.69
Detection Neutral 0.80 0.93 0.93 0.86 0.86 0.86 0.87 0.86 0.86 0.91 0.91 0.89 0.88 0.54 0.54 0.67 0.75 0. 52 0.39
Positive 0.76 0.46 0.46 0.58 0.75 0.72 0.72 0.74 0.81 0.75 0.75 0.7: 0.48 0.88 0.88 0.62 0.40 0.74 0.54 0.74
Scientific Claim Ezistence 0.85 0.69 0.77 0.76 0.88 0.80 0.85 0.84 0.85 0.76 0.81 0.80 0.60 1.00 0.60 0.67 0.68 0.88 0.67 0.67
Claim Verifiable 0.85 0.83 0.85 0.84 0.95 0.99 0.97 0.97 0.86 0.83 0.82 0.80 0.70 0.72 0.71 0.70 0.720.71 0.72 0.71
Reference 0.77 0.51 0.87 0.49 0.64 0.78 0.89 0.70 0.88 0.84 0.88 0.87 0.67 0.71 0.72 0.67 0.77 0.74 0.71 0.73
General 0.80 0.66 0.93 0.70 0.53 0.70 0.92 0.61 0.94 0.92 0.93 0.92 0.71 0.71 0.72 0.67 0.61 0.70 0.71 0.64

conducted experiments with both BERT, SetFit, and LLMs as well. Tweets re-
ceived a 0/1 label for each category indicating exclusion/inclusion. In another
branch of experiments, we evaluated the model on a binary scientific classifica-
tion task. Rather than multi-label categorization, this setup predicted whether
Tweets were related to science or not.

Table 6 presents a comparative evaluation of task-specific model SciBERT,
BERT, SetFit, and LLMs on the task of categorizing Tweets based on the type
of scientific content present. The models are assessed on multi-label classification
for detecting Tweets scientific claims. containing: (1) verifiable scientific claims,
(2) references to scientific sources, and (3) general scientific terminology. Our
study indicates that SetFit excels in recognizing scientific claims, particularly in
identifying those that are verifiable. Nonetheless, for categorizing reference and
general claim types, the SciBERT model, tailored specifically for scientific text,
demonstrates superior efficacy. Conversely, GPT-3.5 and LLaMA-2-70B exhibit
limited capability in detecting scientific claims.

Topic-Targeted Scientific Claim Analysis. To investigate the dissemina-
tion of scientific information about COVID-19 issued by individuals and orga-
nizations based on Table 3 across six topics, we conducted an analysis and the
results are provided in Table 5. Results showed that individuals and organiza-
tions had the lowest percentage of Tweets without factual assertions. On the
other hand, organizations shared the most scientifically verifiable Tweets, com-
plete with authentic references, outnumbering individual Tweets across these six
topics except for Travel. As a result, it is evident that organizations propagated
more credible claims than individuals since they have established reputations to
sustain.
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Table 5: Scientific Claims classified into [Ver]ifiable, [Ref]erences to Scientific
sources, and [Genleral categories on Topics Related to COVID-19 for Individual
vs. Organization.

Topic Ver Ref Gen
Ind(%) Org(%) Ind(%) Org(%) Ind(%) Org(%)
Vaccine 41.00 48.91 46.73 53.24 28.17 34.28
Travel 45.96 39.30 55.86 44.12 30.22 25.65
Face Mask 30.47 58.00 34.78  65.20 19.21 3491
Social Distancing 37.24 4481 41.99 47.99 25.03 29.71
Lockdown & Quarantine| 39.90 47.97 47.01 52.97 26.76  32.32
Work From Home 42,75 47.75 48.54 51.44 28.88  33.52

8 Conclusion

Analysis of COVID-19 Twitter discourse in this paper offers valuable insights into
how influential voices shape public narratives during global crises. By developing
an integrated framework to characterize Tweets across multiple facets—including
user profiles, emotions, sentiment, and scientific claims—this research enables a
nuanced investigation of influencer’s role amidst the pandemic. Using BERT em-
beddings, we improved account classification between individuals and organiza-
tions. Through biography clustering with BERTopic, we revealed influencer com-
munities’ Tweets about COVID-19, benefiting marketing research and dataset
curation. Additionally, we pioneered an emotion detection model for Tweets, re-
leased on HuggingFace. We further constructed a tailored sentiment classifier
to track attitude trajectories throughout the pandemic. Uniquely, our approach
identifies author sentiment, while prior works relied solely on textual polarity.
This nuanced technique provides richer insights into Twitter’s emotional land-
scape. Scientific claim verification involved training a custom SciBERT-based
classifier on domain-specific COVID-19 data. Key findings reveal notable differ-
ences between individuals and organizations in emotion expression, engagement
patterns, and claim verification. The techniques developed in this work can in-
form communication strategies to promote healthy public discussions as online
platforms grow increasingly influential.

Limitations include dataset constraints like language and scope. The dataset
is restricted to English Tweets from influencers above 10,000 followers, limiting
generalizability. Inherent subjectivity in annotating textual emotions also poses
challenges. Additionally, the models rely solely on textual content without con-
textual cues. Nonetheless, the toolkit offers unprecedented capacity to investigate
the complex, far-reaching impacts of COVID-19 across the digital landscape over
time. Moving forward, we plan investigations into follower influence dynamics
stemming from influencer content. We intend to develop a quantifiable metric
assessing the degree of impact influencers have on followers. Formally evaluating
the sway held by influencers via this proposed index would significantly advance
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comprehension of how impactful their messaging proves. Our forthcoming work
seeks to unravel the mechanisms and effects at play following the publication of
questionable influencer posts. Pinpointing the relationships between influencer
content and audience groups represents an open research question warranting
rigorous inspection using computational methods we aim to pioneer.

Table 6: Comparative Performance Analysis of BERT, SetFit, Task Specific, and
LLMs in Emotion Detection, Sentiment Analysis, and Scientific Claim Identifi-
cation. Task Specific Models, for Emotion Detection, we employed BERT with
augmented data and for Sentiment Analysis, ROBERTaryitter Was utilized and
SciBERT was employed for Scientific Claim Identification.

sk Label BERT SetFit Task Specific Model GPT-3.5 LLaMA-2-70B
as abe
P R A F1 P R A F1 P R A F1 P R A F1 P R A F1
Scientifi Claim Ezistence 0.85 0.69 0.77 0.76 0.88 0.80 0.850.84 0.85 0.76 0.81 0.80 0.60 1.00 0.60 0.67 0.68 0.88 0.67 0.67
Ccl'c_" e Verifiable 0.850.830.850.84 095 0.99 0.97 097  0.860.830.820.80  0.700.720.710.70  0.720.71 0.72 0.71
aim

Reference 077051087049 064 0.78 0.89 0.70  0.880840880.87 067071072067  0.770.74 0.71 0.73

General 0.80 0.66 0.93 0.70 0.53 0.70 0.92 0.61 0.94 0.92 0.93 0.92 0.71 0.71 0.72 0.67 0.61 0.70 0.71 0.64
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