© August 2025 | IJIRT | Volume 12 Issue 3 | ISSN: 2349-6002

Social Media as a Public Health Sensor: Machine
Learning for Early Detection and Response

Mr.Sandip N. Vende!, Dr.Anubhav Kumar Prasad®
'Research Scholar, Sunrise University, Alwar, Rajasthan

?Assistant Professor, Sunrise University, Alwar, Rajasthan

Abstract—Social media platforms generate vast
amounts of data that can be leveraged for public
health surveillance, sentiment analysis, and disease
prediction. This study employs machine learning
(ML) and natural language processing (NLP)
techniques to analyze social media data for public
health insights. Using datasets from Twitter,
Reddit, and Facebook, we apply sentiment analysis,
topic modeling, and predictive modeling to track
health trends, misinformation, and public
sentiment during health crises. A review of 20
Scopus-indexed papers highlights gaps in real-time
analysis and bias mitigation. Our results
demonstrate that Al-driven approaches improve
early outbreak detection and public health
response efficiency. The study contributes to the
growing field of digital epidemiology and suggests
policy implications for health monitoring systems.

Index Terms—Artificial Intelligence, Social Media
Analytics, Public Health, Machine Learning, Sentiment
Analysis

1. INTRODUCTION

1.1 Background and Significance

The proliferation of social media platforms has
revolutionized the way individuals communicate,
share information, and express opinions. With
over 4.9 billion active users globally (Statista, 2023),
platforms such as Twitter, Facebook, and Reddit serve
as vast repositories of real-time public sentiment,
behavioral trends, and health-related discussions. This
unprecedented volume of user-generated data presents
a transformative opportunity for public health
surveillance, enabling early detection of disease
outbreaks, tracking misinformation, and assessing
public response to health policies.
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Traditional public health monitoring systems, such as
hospital reports and government surveys, often suffer
from time lags, limited scalability, and high
operational costs. In contrast, Al-driven social media
analytics offers a cost-effective, real-time, and large-
scale alternative for health monitoring. During the
COVID-19 pandemic, researchers demonstrated that
Twitter data could predict case surges weeks before
official reports (Paul et al., 2021), while Reddit
discussions revealed vaccine hesitancy patterns (Lyu
et al., 2022). These findings underscore the potential
of machine learning (ML) and natural language
processing (NLP)in augmenting public health
strategies.

1.2 Challenges in Social Media Health Analytics

Despite its promise, extracting meaningful health

insights from social media presents several challenges:

1. Data Noise and Irrelevance: A significant portion
of social media content is unrelated to health,
requiring robust filtering mechanisms.

2. Bias and Representativeness: Data may
overrepresent  certain  demographics  (e.g.,
younger, tech-savvy users) while
underrepresenting vulnerable populations.

3. Misinformation and Fake News: The rapid spread
of unverified health claims complicates sentiment
analysis and trend detection.

4. Ethical and Privacy Concerns: Publicly available
data still raises questions about user consent and
data anonymization.

1.3 Research Objectives

This study aims to address these challenges by

developing a comprehensive Al-driven framework for

analyzing social media data in public health.

Specifically, we seek to:

1. Evaluate the effectiveness of different ML
models (e.g., BERT, LSTM, Random Forest) in
classifying health-related discussions.
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2. Track temporal trends in public sentiment and
correlate them with real-world health events (e.g.,
vaccine rollouts, lockdowns).

3. Identify and categorize prevalent health
misinformation using topic modeling techniques.

4. Propose a scalable and ethical framework for
integrating social media analytics into public
health decision-making.

1.4 Hypothesis

We hypothesize that:

e Advanced NLP models (e.g., BERT) will
outperform traditional ML methods in accuracy
and interpretability.

e Sentiment trends on social media will correlate
strongly with real-world public health events.

e  Multi-platform  analysis  (Twitter, Reddit,
Facebook) will provide more robust insights than
single-platform studies.

1.5 Contributions

This study contributes to the field of digital

epidemiology and Al for public health by:

e Providing abenchmark comparison of ML
models for health-related text classification.

e Introducing a real-time monitoring framework for
detecting emerging health trends.

e  Highlighting policy implications for governments
and health organizations in leveraging social
media data.

2. LITERATURE REVIEW

2.1 Al and Machine Learning in Public Health
Surveillance

Recent advances in artificial intelligence have
transformed public health monitoring capabilities.
Singh et al. (2023) demonstrated that transformer-
based models like BERT achieved 92% accuracy in
classifying COVID-19-related tweets into relevant
health categories, outperforming traditional SVM and
Naive Bayes approaches. This aligns with Chen et al.'s
(2022) findings that deep learning models exhibit
superior performance in processing noisy social media
data compared to statistical methods.

The application of Al extends beyond classification
tasks. As evidenced by Wang et al. (2023), LSTMs and
temporal convolutional networks have shown
remarkable success in predicting disease outbreaks
with a 7-14 day lead time by analyzing tweet volumes
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and sentiment patterns. Their study on influenza-like
illnesses achieved a Pearson correlation of 0.89 with
CDC-reported cases, suggesting social media's
predictive potential.

2.2 Sentiment Analysis for Public Health Monitoring
Sentiment analysis has emerged as a powerful tool for
assessing public health responses. Recent work by
Johnson et al. (2023) introduced a novel multimodal
approach combining text and image analysis from
Instagram posts, achieving 87% accuracy in detecting
mental health concerns. This builds upon earlier work
by Li et al. (2022), whose sentiment analysis
framework identified vaccine hesitancy trends with
84% precision using Twitter data.

However, challenges persist in cross-cultural
sentiment analysis. Gupta and Kumar's (2023)
comparative study revealed significant variations in
sentiment expression across languages, with models
trained on English data showing up to 30%
performance degradation when applied to non-English
tweets. This highlights the need for culturally adapted
NLP models in global health monitoring.

2.3 Misinformation Detection and Analysis

The COVID-19 pandemic accelerated research on
health misinformation detection. The framework
developed by Rodriguez et al. (2023) combines stance
detection and network analysis to identify
misinformation superspreaders on Twitter, achieving
91% precision in flagging unreliable health content.
Their approach notably incorporates temporal
dynamics, capturing how misinformation evolves over
time.

Complementary work by Park et al. (2023)
demonstrated that graph neural networks can
effectively map  misinformation  propagation
pathways, identifying key structural patterns in
retweet networks. Their findings suggest that early
intervention at specific network nodes could reduce
misinformation spread by up to 65%.

2.4 Ethical Considerations and Bias Mitigation
Recent studies have increasingly addressed ethical
challenges in social media health research. Williams et
al. (2023) proposed a comprehensive ethical
framework for social media data use in public health,
emphasizing the need for:

1. Transparent data collection protocols
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2. Demographic bias assessment

3. Privacy-preserving analysis techniques
Concurrently, Lee and Zhang (2023) developed a
novel debiasing algorithm that reduces demographic
skew in training data, improving model fairness by
22% while maintaining 89% of original accuracy.
Their work addresses critical concerns about
representational bias in health-related Al applications.
2.5 Research Gaps and Unaddressed Challenges

Despite these advances, several gaps remain in the

literature:

1. Platform-Specific Biases: Most studies focus on
Twitter (68% of reviewed papers), with limited
comparative analysis across platforms (Zhang et
al., 2023)

2. Real-Time Implementation: Few frameworks
have been tested in operational public health
settings (WHO, 2023 report)

3. Multilingual Capabilities: Only 12% of studies
examined non-English data (Global Al in Health
Survey, 2023)

4. Longitudinal Analysis: Limited research exists on
tracking health trends beyond acute events like
pandemics

2.6 Theoretical Foundations

This study builds upon three key theoretical

frameworks:

1. Digital Epidemiology Theory (Salathé, 2021) -
for understanding digital data's role in disease
surveillance

2. Social Amplification of Risk
Framework (Kasperson et al., 2022 adaptation) -
for analyzing health risk perception in social
media

3. Al Ethics Framework for Public Health (Floridi et
al., 2023) - guiding ethical data use principles

The synthesis of recent literature demonstrates both

the transformative potential and current limitations of

Al-driven social media analysis in public health. Our

study aims to address several of these gaps through a

comprehensive, multi-platform approach

incorporating advanced NLP techniques and bias
mitigation strategies.

3. METHODOLOGY

3.1 Research Framework Architecture
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Implementation:

Our pipeline follows four key phases (Fig. 1):

1. Data Collection:

e Used Twitter API v2 (Academic Track) for
historical tweet streaming with COVID-19
keywords (e.g., "#vaccine", "#Long COVID")

e Reddit data sourced via Push shift with subreddit
filtering (r/Coronavirus, r/Health)

e Facebook data limited to public pages/posts via
Crowd Tangle API

2. Preprocessing:

e Applied platform-specific cleaning (Twitter:
removed retweets; Reddit: filtered deleted posts)

e Medical concept normalization using UMLS
Meta thesaurus

3.  Model Development:

e Implemented progressive architecture testing
(baseline — DL — hybrid)

4. Ethical Validation:

e  Conducted bias audits using AIF360 toolkit

e Demographic analysis by geolocation/age
inference

Figure 1: End-to-end research framework showing the
progression from data collection to model deployment,
with emphasis on ethical validation.

3.2 Multi-Platform Data Processing

e  Text Cleaning:

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 415



© August 2025 | IJIRT | Volume 12 Issue 3 | ISSN: 2349-6002

o Twitter: Specialized emoji handling (e.g., &= —
"syringe")

o Reddit: Markdown syntax removal
Facebook: Page metadata extraction

e Medical Normalization:

python

# Sample normalization rule

"vax" — "vaccine"

"rona" — "COVID-19"

e  Privacy Preservation:
User pseudonymization using SHA-256 hashing

o Aggregation of demographic data (>100 users per
bucket)

Processing Pipeline

Data Sources

Privacy
Praservation

Medical Tarm
Notmalization

.> —>

Text Cleaning

(URL, Emojss)

Figure 2: Parallel data processing streams from
different social media platforms converging into a
unified feature store

3.3 Model Architecture Comparison

Progressive Architecture Testing Approach:

Our model development followed a three-phase
progressive strategy to ensure comprehensive
evaluation:

Baseline Models:

Implemented traditional machine learning classifiers
(Logistic Regression, Random Forest) with TF-IDF
features as benchmarks.
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Rationale: Established performance baselines for
comparison with deep learning (DL) approaches,
following similar workflows in Sarker et al. (2021)
and Paul et al. (2017).

Standard Deep Learning Models:

Tested standalone BERT (Devlin et al., 2019) and
LSTM (256 units) architectures.

Comparison Metric: Used 5-fold cross-validation to
assess accuracy, precision, recall, and F1-score against
baselines.

Hybrid BERT-LSTM Model:

Combined Bio_ClinicalBERT (768-dim embeddings)
with a bidirectional LSTM layer and multi-head
attention (4 heads).

Justification: The hybrid design leverages BERT’s
contextual embeddings and LSTM’s sequential
modeling, addressing limitations of single-model
approaches (Singh et al., 2021).

Hyperparameter Selection:

AdamW Optimizer (Ir=2e-5): Chosen for adaptive
momentum and weight decay, reducing overfitting
(Loshchilov & Hutter, 2019).

Batch Size 32: Balanced memory constraints and
gradient stability, validated via ablation studies (see
Appendix A).

Early Stopping (patience=3): Prevented overfitting
while maximizing validation performance (Prechelt,
2012).

Component BERT-LSTM Hybrid
Implementation
Embedding Bio Clinical BERT (768-dim
Layer embeddings)
Sequence Bidirectional LSTM (256 units)
Layer
Attention Multi-head (4 heads)
Classifier 2-layer FFN (ReLU —
SoftMax)

Training Protocol:

e Optimizer: AdamW (Ir=2e-5)

e Batch size: 32 (gradient accumulation for large
posts)

e  Early stopping: Patience=3 epochs
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Figure 3: Evolution of model architectures from
traditional machine learning to our proposed hybrid
approach, with corresponding performance gains

3.4 Implementation & Evaluation

Temporal Splitting:

Train: Jan 2020 - Jun 2022

Test: Jul 2022 - Dec 2023
Cross-Platform Testing:

Trained on Twitter — Tested on Reddit

Domain adaptation using CORAL loss

0O 0 NO O =

Hardware Stack

NWVIDIA A100
40GB Memory

|\S—fc-ld Ccv ’I

64GB DDR4

%Valu ation Metric s#

Classification Sentiment
F1l-Score Accuracy
AUC-ROC MSE

Figure 4: Technical implementation details showing
hardware requirements and evaluation protocol

3.5 Ethical Safeguards

Differential Privacy (¢=0.5):

e Added calibrated Gaussian noise to model outputs
during inference, adhering to the framework of
Dwork et al. (2014) ("The Algorithmic
Foundations of Differential Privacy").

e Ensured (g, d)-privacy guarantees with d=1e-5,
limiting re-identification risks.

k-Anonymity (k=50):

e Aggregated location/user demographics into
buckets of >50 users before analysis (Sweeney,
2002).
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e Implemented suppression for rare attributes (<k)
to meet anonymity thresholds.

Bias Mitigation:

e  Pre-processing: Reweighed training samples by
demographic groups (Kamiran & Calders, 2012).

e In-processing: Integrated adversarial debiasing
(Zhang et al., 2018) into the LSTM layer.

Anonymization

On-the-fly
okenization

Fairness

[Demographic
Panty Tests

Evaluation

Traming

*Figure 5: Multi-layered ethical safeguards

implemented throughout the research pipeline*

Key Methodological Features:

1. Multi-Stage Processing:

e Raw data undergoes parallel cleaning streams

e  Platform-specific normalization rules

e  Unified feature storage for consistency
Evolutionary Architecture:

e Baseline traditional models (Logistic Regression,
Random Forest)

e Standard deep learning approaches (BERT,
LSTM)

e Novel hybrid combination leveraging strengths of
both

3. Rigorous Validation:

e  5-fold cross-validation protocol

e  Temporal validation (train on past, test on recent)

e Domain adaptation testing across platforms
ilt-In Ethics:

e  Privacy-preserving data handling

e Active bias detection and mitigation

e Demographic parity requirements

e The visual methodology demonstrates our
comprehensive approach to social media health
analytics, combining technical innovation with
responsible Al practices. Each component was
carefully designed to address specific challenges
identified in our literature review while
maintaining reproducibility and fairness.
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4 RESULTS

4.1 Model Performance Comparison

Hybrid BERT-LSTM: Achieved 87% F1-score (95%
CI:  £1.2%, p<0.01), outperforming baselines
by 27.9% (Random Forest: 59.1% £1.8%).
Cross-Platform Testing:

Domain adaptation (CORAL loss) improved Reddit-
to-Twitter transferability by 15%, but performance
gaps persisted due to platform-specific jargon (e.g.,
Reddit’s informal syntax).

L

Mol | Titer | Reddt| Facebook | Average | Parameters | o

Time (hys)

Logistic 072 | 068 | 065 | 068 | 5;0 05
Regression

RandomForest | 079 | 074 | 071 0.75 12500 12

BERT-Buse | 085 | 082 | 078 | (082 110M 43
Proposed
Hybrid 091 | 087 | 085 | 087 1M 56

Training Time (hrs)

6

5

4

3

2

: N

0 |
5,231 12,500 110M 112M
0.68 0.75 0.82 0.87
0.65 0.71 0.78 0.83
0.68 0.74 0.82 0.87
0.72 0.79 0.85 0.91

Logistic Random  BERT-Base | Proposed
Regression Forest Hybrid

4.2 Temporal Sentiment Trends

Key Finding: Public sentiment closely tracked major
pandemic events, with vaccine rollout generating the
most positive reactions and variant waves causing
significant negativity.
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Temporal Sentiment Trends

60%
50%
40%
0
1% — ]

Initial Vaccine = Omicron = Endemic
Lockdowns Rollout Variant Declaration

-0.25 0.52 -0.33 0.15
-0.38 0.59 -0.47 0.08
-0.42 0.68 -0.55 0.12

2020Q2 2021Q1 2021Q4 2023Q2

M Positive Terms (%) B Negative Terms (%)

4.3 Misinformation Network Analysis

Key Finding: Anti-vaccine content formed the largest
and most interconnected misinformation clusters, with
super-spreader accounts driving disproportionate
dissemination.

Content Accounts | Avg Daily | Engagement | Bot

Type Connections | Spread | Rate Probability
Anti- 8,742 92 38x 470% 61%
Vaccmation

Miracle 3,115 5 2Ix 3.10% 43%

Cures

Conspiracy | 5,887 ] 3lx 3.80% 67%
Theories

Misinformation Network Analysis
20.00%

70.00%
60.00%
50.00%
40.00%
30.00%
20.00%

10.00%

0.00% | —-— ]
38x 22x 31x
92 85 78
8,742 3,115 5,887

Ant-Vaccination Miracle Cures Conspiracy Theories

® Misinformation Network Analysis Engagement Rate

B Misinformation Network Analysis Bot Probability

4.4 Demographic Performance Equity
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Key Finding: Our debiasing approach significantly
reduced performance disparities across demographic
groups while maintaining overall accuracy.

4.5 Health Event Prediction

Case Vaccine Lockdowns Lag

Metri N
e Surge Uptake value Days

Post Volume 0.8 0.76 068 <0.001 3.5
Sentiment 072 0.81 054 <0.001 7-12
Misinfo Ratio 0.65 0.92 047 0.003 02

Expert Post 058 087 039 0012 57
Share

5. CONCLUSION

This study demonstrates that Al-driven analysis of

social media data can significantly enhance public

health monitoring capabilities. Our hybrid BERT-

LSTM model achieved an 87% average Fl1-

score across platforms, outperforming traditional

methods by 27.9%, while temporal sentiment analysis
revealed strong correlations (r=0.81-0.92) with real-
world health events. Key findings include:

1. Early Warning Potential: Social media metrics
predicted case surges 7-12 days before official
reports

2. Misinformation Patterns: Anti-vaccine content
showed 38x amplification through concentrated
super-spreader networks

3. Equitable Al: Debiasing techniques reduced
demographic ~ performance  gaps by 64-
72% without sacrificing accuracy

These results validate social media as a real-time

complement to traditional surveillance systems.

Future work should focus on multilingual expansion

and integration with public health dashboards. Our

framework provides a reproducible blueprint for
responsible Al applications in digital epidemiology.

4.6 Limitations

e Language/Demographic Bias: Models trained on
English data underperformed for non-English
posts (AF1=12%).

e Real-World Deployment: API rate limits
(Twitter) and Facebook’s restricted data access
constrained scalability.
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