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Motivation
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Problem Statement
• Influential figures' misinformation causes public 

confusion

• Distorts pandemic understanding

• Unclear how individual vs. organizational 
communication differs

• Celebrities' impact differs from organizations like 
WHO
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Individual

Organization



Research Gap
• Current studies: general sentiment analysis of COVID-19 posts

• Lack distinction between individual & organizational influencers

• No comprehensive comparison of emotional tone/sentiment

• Scientific content analysis lacking for both influencer types
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Proposed Solution
• Differentiate Influencer Types

– Analyze individual vs. organizational style of communication

• Combat Dissemination of Misinformation

– Use ML to detect

• Enhance Public Trust

– Promote verified content
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Contribution
• Created Dataset

– Labeled COVID-19 Tweets: profiles, emotions, sentiments, scientific content

• Comprehensive Analysis

– Combined profiling, emotions, sentiment, scientific content for deeper 
discourse insight
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Workflow
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User Profiling
• Classification Approach

– Used Twitter metadata (name, handle, biography)

• BERT Model Usage

– To transform metadata into embeddings

– Outperforms Demographer[1]
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[1] Knowles, R., Carroll, J., Dredze, M.: Demographer: Extremely Simple Name Demographics. In: Proceedings of the First Workshop on NLP and Computational Social Science. pp. 108–113 (2016)



Emotion Detection
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Emotion Detection
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Emotion Detection
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• Results

– SetFit achieved the top F1 scores for emotion detection.

– GPT-3.5 performed best for detecting sadness and surprise.

• Observation

– Joy was the easiest emotion to detect.

– Sadness and surprise posed more challenges to detect. 

– Chat-based models like GPT-3.5 excel in detecting these complex emotions.



Sentiment Analysis
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Sentiment Analysis
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Sentiment Analysis
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• Results

– RoBERTaTwitter achieved the highest F1 scores for negative, positive and neutral
sentiments. RoBERTaTwitter pre-trained on Twitter dataset. Fine-tuned on our 
dataset

• Observation

– Neutral Tweets were classified most accurately

– Negative sentiment was the hardest to detect



Topic-Targeted Sentiment Analysis
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Topic-Targeted Sentiment Analysis
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Scientific Content
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Scientific Content
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Scientific Content
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• Results

– SetFit excelled in detecting verifiable claims.

– SciBERT performed best for categorizing scientific and general claims. 
SciBERT pre-trained on Scientific claim dataset. Fine-tuned on our 
dataset

• Observation
– Chat-based models had limited success in identifying scientific content



Scientific Content
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Findings
• Individuals: more negative emotions and are subjective

• Organizations: neutral tone and are more optimistic

• Both groups: many unverified claims, highlighting misinformation issue
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Limitation
• Dataset limitations:

– English Tweets only

– 10,000+ followers or verified accounts

– Affects generalizability

• Challenges:

– Subjectivity in emotion/sentiment annotation
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Future Work
• Develop influencer impact metric

• Study effects of questionable posts on audience

• Analyze influencer-audience dynamics with advanced computation
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Conclusion
• Deeper insight into influencer impact during crises

• Tools to track emotional/scientific social media content

• Models to inform healthier online discussion strategies
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Questions?
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