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Introduction: The unprecedented COVID-19 pandemic exposed critical
weaknesses in global health management, particularly in resource allocation
and demand forecasting. This study aims to enhance pandemic preparedness by
leveraging real-time social media analysis to detect and monitor resource needs.
Methods: Using SnScrape, over 27.5 million tweets for the duration of November
2019 to March 2023 were collected using COVID-19-related hashtags. Tweets
from April 2021, a peak pandemic period, were selected to create the CoViNAR
dataset. BERTopic enabled context-aware filtering, resulting in a novel dataset of
14,000 annotated tweets categorized as "Need", "Availability”, and "Not-relevant”.
The CoViNAR dataset was used to train various machine learning classifiers,
with experiments conducted using three context-aware word embedding
techniques.

Results: The best classifier, trained with DistilBERT embeddings, achieved an
accuracy of 96.42%, 96.44% precision, 96.42% recall, and an F1-score of 96.43%
on the Test dataset. Temporal analysis of classified tweets from the US, UK, and
India between November 2019 and March 2023 revealed a strong correlation
between “Need/Availability” tweet counts and COVID-19 case surges.
Discussion: The results demonstrate the effectiveness of the proposed approach
in capturing real-time indicators of resource shortages and availability. The
strong correlation with case surges underscores its potential as a proactive tool
for public health authorities, enabling improved resource allocation and early
crisis intervention during pandemics.

KEYWORDS

BERTopic, COVID-19, natural language processing, social media, DistilBERT, SVM

1 Introduction

Epidemiologists aim to learn vital lessons from pandemics to build resilience and
prepare better for future health emergencies. Social media platforms, especially Twitter
(now X), have emerged as critical tools for real-time information dissemination, public
sentiment analysis, and resource monitoring during crises (Gupta and Katarya, 2020). The
COVID-19 pandemic, which originated in China in December 2019 and spread worldwide
in 2020, highlights the importance of social networks for both public health agencies
and the general population. Netizens around the world shared extensive information,
discussing emotions, case numbers, resource needs, and symptoms. Social media platforms
were flooded with intense reactions due to the COVID lockdown and unprecedented death
tolls. This enabled analysis using real-time social media data, with primary applications

01 frontiersin.org


https://www.frontiersin.org/journals/artificial-intelligence
https://www.frontiersin.org/journals/artificial-intelligence#editorial-board
https://www.frontiersin.org/journals/artificial-intelligence#editorial-board
https://www.frontiersin.org/journals/artificial-intelligence#editorial-board
https://www.frontiersin.org/journals/artificial-intelligence#editorial-board
https://doi.org/10.3389/frai.2025.1623090
http://crossmark.crossref.org/dialog/?doi=10.3389/frai.2025.1623090&domain=pdf&date_stamp=2025-08-20
mailto:sufi.shafiya001@gmail.com
https://doi.org/10.3389/frai.2025.1623090
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/frai.2025.1623090/full
https://orcid.org/0000-0003-3909-9821
https://www.frontiersin.org/journals/artificial-intelligence
https://www.frontiersin.org

Shafiya et al.

including sentiment analysis, disease surveillance, and activity
monitoring (Wang et al., 2023).

Public health agencies are increasingly relying on social media
to address public concerns, promote preventive measures, and
detect emerging health threats. In particular, sentiment analysis
has proven to be valuable in gauging public perception and
emotional responses to health-related issues (Wani et al., 2019).
Studies using Natural Language Processing (NLP) techniques
have examined the negative correlation between local COVID-
19 severity and sentiments during lockdown (Pastor, 2020), and
increased negative emotions and social threat susceptibility post-
pandemic declaration (Medford et al., 2020). Early sentiment
detection enables more effective understanding and management of
pandemics (Jalil et al., 2022). Advances in NLP-from basic “bag-of-
words” models to sophisticated frameworks like GPT and BERT-
have significantly improved the accuracy and nuance of social
media analysis, empowering more targeted and effective public
health responses.

In addition to sentiment analysis, social media data have proven
to be very helpful in predicting COVID-19 case trends (Li et al.,
2020), detecting toxic fake news during COVID-19 (Wani et al.,
2024), depression screening (Ahmad Wani et al., 2023), modeling
the dynamics of COVID-19 (Nelson et al., 2024), etc. Geo-located
data can identify hot spots with high health discussions or symptom
reports, enabling targeted resource allocation and interventions.
Researchers have used X data, Google search trends, and Wikipedia
traffic to build a leading indicator model for predicting COVID-19
infection rates and Mortality patterns among Americans (O’Leary
and Storey, 2020). Recent work by Shafiya and Jabin (2023) has
further synthesized advances in social media-based surveillance
systems for early outbreak prediction and monitoring.

During COVID-19, critical resource shortages led to increased

discussions on social media about resource demand and

TABLE 1 Examples of “need” and “available” tweets.

Tweet Category

I need an #oxygen can in #Kolkata. Please provide me recent Need
#Verified leads regarding the same. Please #Amplify
#CovidHelp #CovidIndia #COVIDEmergency2021 #COVID19

#KolkataCovid

Very urgent !!! Medical Emergency. Anyone who has an idea Need
about the availability of this injection please dm me. Please
spread the word, if possible #Surat #Surtis #Emergency

#coronavirus #COVID19

It's an emergency for ICU bed with Ventilator in Bangalore. Need
Please send some verified leads. We are in search from
yesterday. #bangalore #COVIDEmergency #VentilatorBeds

#ICUBedSOS #covid

Available: #Delhi #Oxygen refill (no cylinder) from 11 a.m. Available
April 23. #CovidSOS #SOSDelhi #COVIDEmergency #Covid

#DelhiNeedsOxygen

All medical appliances available. Oxygen will be available from Available
tomorrow (No injections). #Ahmedabad #CovidIndia

#COVIDEmergency2021 #COVID19 #CovidHelp #Verified

@UzmaaP #COVID #verified #Surat Plasma. Contact: Available
88665155368. Service Available: Plasma. City: Surat. Plasma
donation and requirement help desk. Verified on: 24 April

04:41 pm.
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availability, as illustrated in Table 1. Monitoring and quickly
identifying growing resource needs is essential for timely actions to
mitigate public health challenges. In response, this work introduces
an innovative approach focused on filtering and classifying tweets
that express either the “Need” or “Availability” of resources (NAR).
We present CoViNAR, a newly labeled dataset comprising 14,000
NAR tweets, which addresses the gap in existing COVID-19 tweet
corpora that lack such specialized datasets. Our methodology
employs state-of-the-art NLP techniques, including BERTopic for
initial data filtering and topic modeling, followed by a Machine
Learning (ML) pipeline for NAR classification. Multiple contextual
embedding techniques (BERT, RoBERTa, DistilBERT) paired with
various classifiers are evaluated to achieve optimal performance.

Recognizing pandemic severity is crucial for implementing
timely and effective control measures. The present work explores
the significance of social media posts expressing resource needs
and availability on X. The tweets were classified as “Need”
and “Availability” of resources (NAR). Their frequency was
used to assess the increasing seriousness of COVID-19. Despite
existing COVID-19 tweet corpora, labeled data classifying resource
demand/availability was lacking. This gap was bridged by using
topic modeling and NLP to annotate social media data, for creating
the CoViNAR dataset.

Approximately, 27.5 million public tweets were scraped from X
spanning November 2019 to March 2023, covering pre-pandemic,
peak, and post-peak periods. From this collection, we selected a
subset of 1 million tweets from April 2020 (one of the pandemic’s
peak months). Using topic modeling and NLP methods, irrelevant
tweets were filtered out and the remaining ones were categorized,
yielding a final dataset of 14,000 labeled tweets across three
classes: “Need,” “Availability,” or Other (negative class). An ML-
based “NAR” classifier is trained to categorize tweets into these
three classes. Automatically identifying NAR tweets can help
healthcare organizations map deficits and surpluses in medical
supplies, hospital capacity, and other needs communicated online
during health emergencies, regardless of the disease outbreak.
By monitoring NAR trends on social media, public health
officials can enable data-driven resource allocation to areas of
greatest need. Integrating our NAR classifier with existing public
health monitoring systems will significantly enhance pandemic
preparedness and response capabilities for future outbreaks.

The current work aims to address the following research
questions (RQ):

e RQI. Can social media data be effectively utilized for real-time
resource management during a pandemic?

e RQ2. How accurately can social media analysis reflect the
real-time severity level of a pandemic?

e RQ3. Can social media analysis potentially complement
or enhance traditional surveillance methods for resource
allocation management?

The following are the significant contributions of the work in
the light of the hypothesized research questions:

e This paper introduces a novel labeled “CoViNAR” COVID-19

X tweets dataset with 14,000 NAR tweets. The CoViNAR
dataset is publicly available at GitHub.
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e We implemented a state-of-the-art contextual topic modeling
approach by fine-tuning BERTopic, for initial filtering and
automated labeling, allowing us to efficiently identify tweets
relevant to resource “needs”, “availability”, and “not-related”.
This pre-filtering process minimizes information overload
by excluding irrelevant content, significantly reducing the
manual effort required in labeling.

e This work presents a novel framework for accurately
identifying and classifying tweets in 3 categories viz. “Need”
or “Availability” of resources (NAR), or unrelated class.

e Three pre-trained contextual text embeddings are used and
compared to generate feature vectors for the training of the
NAR classifier.

e The trained classification model achieved 96.42% accuracy on
the labeled Test dataset. A temporal analysis is performed to
establish a direct link between the count of classified NAR
tweets and COVID-19 progression over three years from Nov
2019 to Mar 2023.

The key contributions of our work include: a tweet dataset for
NAR classes, a context-aware NLP pipeline, temporal analysis of
social media data, and COVID-19 severity analysis. The approaches
described provide authorities with an important supplemental
monitoring tool for identifying, prioritizing, and responding to
developing outbreak hotspots. The rest of the content of this paper
is structured as follows: Section 2 discusses related studies. Section
3 covers materials and methods. Section 4 outlines the classification
model. Section 5 presents the experiment results. Section 6 provides
a geographic location-specific temporal analysis of COVID-19
tweets. Section 7 concludes the work.

2 Related work

The COVID-19 pandemic has significantly accelerated research
into using social media for public health monitoring and response,
sparking extensive studies across multiple domains.

While previously
supplementary for disease tracking (Wilson et al, 2021), it

social media was considered only
gained significant importance during the COVID-19 pandemic.
Research by Syrowatka et al. (2021) identified six potential AI
use cases for pandemic preparedness and response, including
triaging
evaluating prognosis. Their work highlighted AT’s role in providing

diagnosing influenza-like ~diseases, infections, and
timely insights beyond traditional models. Research on Arabic
NLP and machine learning highlights the adaptability of NLP
techniques across languages, strengthening multilingual NLP and
enhancing transformer-based models and topic modeling like
BERTopic for large-scale text analysis (Marie-Sainte et al., 2018).
Such advancements enhance content moderation, misinformation
detection, and trust in online platforms.
Since COVID-19s emergence,
analyzed social media data, especially from platforms like

studies have extensively

Facebook and X, for sentiment analysis (Kaur et al, 2021). A
recent study (Da and Yang, 2020) analyzed public sentiments on
social media during the COVID-19 pandemic in China using
the “SKEP” model. Their approach combined advanced NLP
techniques with traditional ML models like random forests and
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linear probit to achieve both high accuracy and interpretability.
Their findings established a negative correlation between local
COVID-19 severity and public sentiment, highlighting the critical
role of social media in reflecting public response during health
crises. Another study (Nemes and Kiss, 2021) demonstrated the
superiority of RNN models over traditional methods like TextBlob
for sentiment prediction, emphasizing the value of advanced NLP
techniques for extracting meaningful insights from social media
data during health emergencies. Further research (Melton et al.,
2022) analyzed public sentiment on COVID-19 vaccines across 9.5
million tweets and 70,000 Reddit comments, using a fine-tuned
DistilRoBERTa model. Their study revealed platform-specific
differences: X showed more negative sentiment (54.8%) compared
to Reddit’s predominantly positive sentiment (62.3%). Their work
highlights the importance of considering multiple social media
sources when assessing public opinion during health crises.

Beyond sentiment analysis, researchers have utilized social
media for forecasting COVID-19 case numbers (Lamsal et al,
2022). Study (Qin et al., 2020) demonstrated the potential of social
media search indexes to predict new suspected and confirmed
cases, while Li et al. (2020) found strong correlations between
“coronavirus” searches and confirmed COVID-19 cases occurring
8-12 days prior by analyzing Google Trends, Baidu, and Sina
Weibo data. More sophisticated modeling approaches have also
emerged. Research (Verma et al., 2022) developed a CNN-LSTM
model to capture the complex trend of COVID-19 outbreaks. This
work predicted daily confirmed cases for India and its most affected
states, showing that the stacked LSTM and hybrid CNN-LSTM
models performed relatively better than others.

While these studies demonstrate the potential of social media
data for pandemic monitoring and prediction, a significant gap
remains in exploring X data specifically for identifying resource
needs and availability during crises. Recent research has highlighted
the critical importance of effective resource management during
health emergencies. Kaur et al. (2024) investigated the relationship
between negative sentiment in COVID-19-related tweets and
intensive care unit (ICU) bed demand across regions in the United
States, Brazil, and India. Their findings underscore the potential
of social media sentiment analysis as an early warning system for
medical resource demand surges, complementing our focus on
explicitly identifying resource needs and availability through tweet
content.

Other researchers have explored various aspects of pandemic
resource management beyond social media analysis. Research
(Borges and Nascimento, 2022) proposed a hybrid Prophet-
LSTM approach for ICU demand forecasting that achieved
higher accuracy than standalone models. Similarly, Goic et al.
(2021) developed a hybrid forecasting model for short-term
ICU utilization in Chile that was actively used in capacity
planning decisions. These studies, while not directly using X
data, highlight the importance of accurate resource forecasting in
pandemic response.

The COVID-19 pandemic also exposed significant weaknesses
in global supply chains and resource distribution. Research
(Srinivas et al., 2021) examined how the pandemic revealed
shortcomings in supply chain operations, particularly for essential
medical goods, while proposing recommendations to improve
resilience. Study (Ranney et al, 2020) addressed the critical
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shortage of ventilators and personal protective equipment in the
United States early in the pandemic, highlighting the uncertainty in
estimating resource needs. Further research (McMahon et al., 2020)
emphasized the severe lack of basic medical supplies in low-income
countries, underscoring global disparities in resource allocation.
Another study (Zhuang et al., 2021) estimated hospital bed
shortages during Wuhan’s lockdown, emphasizing the importance
of lockdown timing and strength in managing healthcare system
capacity.

Although these studies did not utilize social media data,
they provide crucial context for understanding the real-world
implications of resource shortages during pandemics. There
remains a considerable opportunity to utilize X data more
effectively for detecting and forecasting resource needs and
availability. Our work aims to address this gap by introducing
the CoViNAR dataset, which specifically focuses on tweets about
resource needs and availability during COVID-19. By employing
advanced NLP techniques like BERTopic for data filtering and
transformer-based embeddings for classification, we propose to
develop models that can directly inform resource allocation efforts
based on real-time social media data.

3 Materials and methods

This section outlines the methodology for developing a
systematic approach to identify and classifty COVID-19-related
tweets. It describes the data sourcing process, dataset creation
methods, development of the NLP pipeline, model training
procedures, and performance evaluation techniques. The same
pipeline can be extended for analyzing other disease outbreaks.

3.1 Source of dataset

The already existing publicly available COVID-19-related
datasets (sourced from X/Facebook) are mainly centered around
emotion analysis. Researchers have tried to correlate emotions
expressed by netizens to the severity of the pandemic by analyzing
tweet sentiments. However, no available dataset specifically
addresses resource needs and availability during the COVID-19
pandemic.

For the current work, we collected public tweets from the
social media platform “X” spanning November 2019 to March
2023, covering all pandemic stages viz. pre-pandemic, early
pandemic, and peak periods. The scraping of publicly available
tweets complied with the platform’s terms of service until March
2023. We extracted relevant tweets using COVID-19-related
hashtags including “#coronavirus, #covid, #covid-19, #pandemic,
#lockdown, #virus, #outbreak, #China, #deaths.” Our scraping
process collected data in 10-day intervals with a limit of 200,000
tweets per scrape, systematically capturing daily tweets across the 3-
year period. After aggregating all the daily collections, we obtained
~ 27.5 million tweets from November 2019 to March 2023. Among
these tweets, some included geo-location data, which were utilized
for further temporal analysis of the three most affected countries:
India, the United States, and the United Kingdom.
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Following data collection, we preprocessed tweets to prepare
them for analysis, selecting only English-language content since
English was the dominant language in tweets from India, the
United States, and the United Kingdom, the three countries
used for temporal analysis. Pre-processing is an important step
when working with unstructured data, as it eliminates noise and
inconsistencies (Maharana et al, 2022). For this purpose, an
open-source Python library Natural Language Toolkit (NLTK)
was utilized. Preprocessing of tweets included removal of URLs,
hashtags, user mentions, special characters, duplicates, and finally
lowercasing the cleaned text. This preprocessing was applied
uniformly to each tweet.

We selected April 2021 tweets as training data for our NAR
classification model since this represented a global peak period
for COVID-19. Approximately 1 million tweets were scraped for
April 2021, and the preprocessing step reduced this to about
800,000 tweets. We subsequently applied this NAR model to classify
tweets across our entire study period (November 2019-March
2023) for pandemic analysis, as detailed in Section 6. The following
subsections describe our NLP pipeline after preprocessing.

3.2 Topic modeling

Topic modeling is a significant approach in NLP for identifying
hidden topics and patterns in large corpora, which facilitates
tasks such as document search, categorization, summarization,
and recommendation. For the proposed work, we employed
topic modeling as a filtering technique to eliminate irrelevant
tweets. Commonly used techniques include LDA, LSA, NME and
BERTopic. unlike other approaches, BERTopic explores semantic
depth by utilizing dense vector representations generated by
pre-trained BERT models (Egger and Yu, 2022). An overview
of BERTopic is illustrated in Figurel. It entails encoding
text into vectors with Sentence Transformers (Reimers and
Gurevych, 2019), followed by dimensionality reduction with
UMAP (Mclnnes et al., 2018), which maintains both local and
global properties effectively.

HDBSCAN (McInnes et al.,, 2017), a hierarchical approach
that handles changing cluster densities, is then employed for
data clustering. This approach enhances topic representation
quality through its noise-aware soft-clustering methodology, which
explicitly identifies and excludes outliers. The dimensionality
reduction performed by UMAP significantly improves both the
clustering accuracy and computational efficiency compared to
traditional methods like K-means (Allaoui et al., 2020). Count
Vectorizer is used to create a bag-of-words representation of text
data. This step is required to extract the most representative words
or phrases that describe each discovered topic cluster. Finally, c-
TF-IDF (Grootendorst, 2022) calculates the significance of words
in each topic cluster, considering both the frequency of terms and
the inverse document frequency within that specific cluster. This
aids in identifying the most pertinent and discriminative words
associated with each topic. All things considered, BERTopic, a state-
of-the-art (SOTA) technique in this field, transforms conventional
topic modeling approaches by utilizing the revolutionary potential
of BERT embeddings.
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FIGURE 1
Overview of BERTopic.

3.3 Feature extraction

Once filtered tweets were obtained, text vectorization
transformed them into numerical representations for machine
processing. While non-contextual techniques like GloVe
(Pennington et al., 2014) and Word2Vec (Jatnika et al.,, 2019)
are popular, they lack contextual understanding. The proposed
work utilized contextual embeddings to capture the semantic
nuances of tweets more effectively. These embeddings (Roman
et al., 2021) provided richer representations by considering the
surrounding context of words, enhancing the classification of
disease outbreak-related tweets. The details of the employed

embedding models are provided below:

3.3.1 BERT-base

Devlin et al. (2019) is a deep bidirectional transformer-based
model trained on large-scale corpora. It learns contextualized
word embeddings by considering both left and right contexts. We
employed the BERT-base (110 Million (M) parameters) model to
extract 768-dimensional dense vector embeddings for each tweet.
Additionally, larger variants such as BERT-large (340M parameters)
exist, but for computational efficiency, we used BERT-base.

3.3.2 DistilBERT

A compressed variant of BERT with similar embedding
dimensions but optimized for efficiency through knowledge
distillation, enables it to be smaller and more efficient while
retaining most of BERT’s performance (Sanh et al.,, 2019). The
model has 66M parameters, making it more efficient for large-scale
tweet processing without significant performance loss. DistilBERT
was used to generate 768-dimensional tweet embeddings efficiently.
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3.3.3 RoBERTa

An advanced version of BERT with refined contextual
representations due to improved pretraining procedures on larger
datasets (Liu et al, 2019). We employed the RoBERTa-base
(125M parameters) variant, which provides better contextual
representations compared to BERT. A larger RoBERTa-large (355M
parameters) variant is also available, but due to computational
constraints, we used the base version. ROBERTa was also used to
generate 768-dimensional tweet embeddings.

We experimented with all of these contextual embeddings and
found DistilBERT the most suitable one for the CoViNAR dataset
concerning Need/Availability classification tasks.

3.4 Classification models

This section briefly introduces the classification algorithms
used for the text classification task in the proposed work.

3.4.1 Support vector machines

A supervised ML technique that identifies the optimal
hyperplane in feature space to classify data points, by maximizing
the margin between classes (Cortes and Vapnik, 1995).

3.4.2 Random forest

An ensemble method that combines classification from
multiple decision trees by bagging or boosting (Breiman, 2001).
It is a robust model that trains underlying estimators by forming
multiple subsets of Train data with bootstrapping.

3.4.3 Logistic regression

A binary classification model that uses a sigmoid-transformed
linear function, valued for its simplicity and efficiency in tasks with
linear decision boundaries (Hosmer Jr et al., 2013).

3.5 Evaluation metrics

Model’s
classification metrics including:

performance was assessed through standard

Accuracy, Precision, Recall, F1 score, Confusion Matrix, etc.

4 NAR classification model

All experiments were conducted using VSCode on a machine
equipped with 64 GB RAM and an NVIDIA GPU with 16
GB memory. Standard libraries such as NLTK (Bird, 2006)
and Python’s re module were utilized for text pre-processing
and dataset preparation, while Scikit-learn (Pedregosa et al,
2011) was used for ML classification tasks. GridSearchCV-based
hyperparameter tuning and classifier evaluations were carried out
using this computational setup, which ensured efficient execution
of embedding generation, model training, and evaluation across
multiple configurations. This section details the preparation of the
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Methodology for constructing the CoViNAR dataset.

CoViNAR dataset, classification model design, and hyperparameter
tuning process. The current experimental framework is tailored to
reliably analyze COVID-19 severity by analyzing the frequency of
NAR tweets.

4.1 Dataset preparation

This subsection outlines the dataset preparation, covering
data pre-processing, filtering, and tweet labeling sequentially, as
depicted in Figure 2. The overall workflow is also presented in
Algorithm 1, which details the key steps involved in extracting,
filtering, and labeling relevant tweets for classification.

4.2 Labeling

To build the targeted CoViNAR dataset, a multi-stage
labeling process was used. The initial corpus included about
800,000 pre-processed tweets. First, BERTopic was applied to

Frontiersin Artificial Intelligence 06

filter out irrelevant content. This technique used contextual
embeddings from the Sentence Transformer model “all-MiniLM-
L6-v2” (384-dimensional), UMAP (configured with 20 neighbors,
5 components, and cosine distance) for dimensionality reduction,
and HDBSCAN (min cluster size = 21, min samples = 2, Euclidean
metric) for clustering. The key parameters and their impact on topic
coherence are summarized in Table 2. The optimized BERTopic
model identified between 700 and 900 semantically coherent topics,
each achieving a coherence score of 0.75 or higher, validating the
effectiveness of the selected parameters. The topic representation
model was set to “KeyBERTInspired”, and an n-gram range of (1,3)
was used to capture unigrams, bigrams, and trigrams, enriching the
contextual understanding.

From the initial dataset of 8 M, 114,345 tweets were
retained after topic modeling and relevance filtering. Topics
were automatically labeled based on keyword-driven topic names,
and only those marked as relevant (e.g., ICU bed availability,
verified oxygen suppliers) were selected for further analysis. Table 3
provides examples of relevant and irrelevant topics identified by
the BERTopic model. Irrelevant topics (e.g., general news or flight
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1: Input: Raw data from X (Twitter)

2: Pre-trained models (BERT-base, DistilBERT,
RoBERTa)

3: Output: Labeled CoViNAR Dataset
// Data Collection Phase
Extract raw tweets using SnScrape

5: Store collected raw tweets
// Data Pre-processing Phase

6: Remove duplicates, hashtags, user mentions, and
special characters from raw tweets

7: Convert all text to lowercase
// Apply Topic modeling

8: Apply pre-trained embeddings (DistilBERT, RoBERTa,
BERT-base) to process text

9: Perform dimensionality reduction using UMAP

10:

11: Generate topic representations using c-TF-IDF

12:

Perform density-based clustering with HDBSCAN

Create topics (after topic generation cluster)

// Filtering and Dataset Construction

13: Apply keyword-based filtering to the topics
generated

14: Merge similar topics based on the keywords present

in the name of a topic

15: Assign class labels (Need, Available, Not-Related)

16: Number of Need tweets = 5,396, Available tweets =

3,771, and Not related tweets = 4,833

// Classification Model Training

17: Split the dataset into training and test datasets

70:30 ratio

18: Initialize classification models:

19: Support Vector Classifier (SVC)

20: Random Forest (RF)

21: Logistic Regression (LR)

22:

23:

For each classification model:
Use 10-fold
cross-validation to evaluate the model on the

Perform k-fold cross-validation:

training dataset
24 Optimize hyperparameters: Use GridSearchCV to
find the best hyperparameters
25: Train the optimized model using the best
parameters

Select the optimal model with the best

validation performance: Based on the highest

26:

evaluation metrics (e.g., recall, Fl1-score,
precision, accuracy) on the validation set
obtained from 10-fold cross-validation.

27: Evaluate performance of model (with best

validation performance) on the Test dataset.

Algorithm 1. CoViNAR dataset creation and classification framework.

suspensions) were excluded. Following this, tweet-level filtering
was conducted using keyword and phrase matching. A rule-based
approach utilizing regular expressions was applied to identify
intent-specific language. This step categorized tweets as follows:
Need (14,183 tweets) tweets expressing urgent requirements (e.g.,
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TABLE 2 Example of the relevant topic.

Topic Count Name Relevance

23 264 23_australia will suspend_australia No
suspends_suspends flights

from_suspends flights

25 255 25_more sarscov2 covid19_sarscov2 No
covid19_covid19 sarscov2_covid19

sars

26 253 26_icu beds availble_delhi covidhlep

beds_only icu beds_icu beds

27 247 27_crisis womenrespond2crises No
wphfund_womenrespond2crises

wphfund_crisis

29 237 29_verified delhi oxygen_delhi
oxygen_city delhi oxygen_delhi

oxygen contact

36 219 36_oxygen bed urgently_need
oxygen bed_required oxygen

bed_oxygen bed in

50 176 50_covid19 india_covid19 india

was_indias covid_india us

No

“need oxygen,” “urgently required”); Available (4,809 tweets)

» «

tweets indicating available resources (e.g., “beds free at,” “oxygen
available”); and Not Relevant (95,353 tweets) tweets discussing
COVID-19 but not addressing resource needs or availability.

To ensure high labeling quality, a manual verification step
was conducted by human expert (first author) on the tweets
labeled as Need, Available, and Not Relevant, refining ambiguous
or borderline cases. From this verified subset, a final dataset
with near-equal class distribution was curated for the CoViNAR
dataset, comprising 5,396 Need, 3,771 Available, and 4,833 Not
Relevant tweets. Word clouds were generated to visualize the most
frequent terms in each class, as shown in Figures 3-5. These word
clouds provide an intuitive representation of the key themes and
vocabulary associated with each category of tweets. This final
dataset is both semantically coherent and intent-specific, making it
well-suited for downstream classification tasks and real-time public
health monitoring.

4.3 Model design

This subsection describes the design and development of the
NAR classification model trained using the labeled CoViNAR
dataset as depicted in Figure 6. The three text embedding based
features (detailed in Section 3.3) were experimented with training
of multiple classifiers including SVM, RE and LR, using the
CoViNAR dataset. After vectorization, we split the dataset into 70%
training and 30% testing subsets, with stratification based on the
“label” column to maintain class distribution. The training dataset
was further partitioned into 10 folds for incorporating 10-fold
cross-validation while training. The complete dataset specifications
are provided in Table 4.

Since the three classes in the dataset were nearly balanced,
certain measures were taken to address this issue by including
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TABLE 3 Analysis of UMAP, HDBSCAN, and BERTopic parameters on topic coherence.

Component Key Values tested Best value(s) Impact on topic coherence
parameters
UMAP n_neighbors 5,10, 15, 20, 25 20 Lower values led to fragmented topics; higher values caused overly broad
clusters. Twenty provided optimal granularity
min_dist 0.0,0.1,0.3,0.5 0.0 Lower min_dist improved separation of topics; 0.0 helped retain topic
diversity
n_components 2,3,5,10 5 Higher dimensions gave diminishing returns; 5 balanced structure and
interpretability
HDBSCAN min_cluster_size 5,10, 15, 21, 30 21 Smaller values created noisy micro-clusters; 21 resulted in stable and
interpretable topics
min_samples 1,2,5 2 A smaller value reduced noise points while preserving fine-grained topic
distinctions
metric Euclidean, Cosine, Euclidean Euclidean performed best with the embedding distribution from MiniLM
Manhattan
Combined Interaction effects Tuned jointly (20, 0.0, 21) Optimal coherence was achieved when UMAP and HDBSCAN
parameters were fine-tuned together
BERTopic representation_model Default, KeyBERTInspired Helped extract richer topic terms by leveraging contextual embeddings
KeyBERTInspired
n_gram_range (1,1), (1,2), (1,3) (1,3) Including trigrams added contextual richness to topic terms and improved
coherence

Word Cloud for Class: Need tweets
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FIGURE 3
Word cloud representing the most frequent terms in the NEED class of the CoViNAR dataset.

the Scikit-Learn parameter “class weight = balanced” in all
classification models. This parameter automatically adjusts the class
weights, effectively minimizing dataset imbalances during model
training. The performance of the classifiers was examined and
compared across the above-discussed text embeddings to discover

which vector representation method worked best for the tweet

numerous train test splits, stratified 10-fold cross-validation was
applied to each classification model.

4.4 Hyperparameter optimization

classification task. Metrics like accuracy, recall, precision, and F1-
score were taken into consideration to assess both embedding
quality and model efficacy. To ascertain generalizability over
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To find the ideal parameters for every classification model
trained on the CoViNAR dataset, popular classifiers like SVM,
RE and LR were fine-tuned using GridSearchCV (Pedregosa
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Word Cloud for Class: Not-relevant tweets
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et al., 2011) and manual optimization techniques. We assessed
various parameters for each model considered, along with the
embedding pair. Optimal parameters that produced the best
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classification accuracy on the test dataset are mentioned in Table 5.
We ultimately found that DistilBERT embeddings with an SVM
classifier give an accurate classification of tweets with 96.42%
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FIGURE 6
Classification framework for CoViNAR dataset.
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TABLE 4 Details of the CoViNAR dataset.

NAR dataset Need Available Not relevant
Train tweets 3,777 2,640 3,383
Test tweets 1,619 1,131 1,450
Total tweets 5,396 3,771 4,833

accuracy, 96.43% fl-score, 96.44% of precision, and 96.42% recall
on the CoViNAR dataset.

5 Experimental results

For this work, we experimented with almost all classification
models available with the Scikit-Learn library, and found
these three machine learning (ML) algorithms; Support Vector
Classifier (SVC), Logistic Regression (LR), and Random Forest
(RF) performing the best toward the classification of context-
aware word embeddings of CoViNAR tweets. To transform pre-
processed tweets into numerical representations, three pre-trained
transformer-based embeddings- DistilBERT, RoBERTa, and BERT-
base were employed. These models were chosen for their ability,
particularly in the context of tweets, to capture the semantics of the
small texts while balancing computational efficiency. To mitigate
overfitting and ensure robust evaluation, a stratified 10-fold cross-
validation strategy was implemented.

Hyperparameter tuning was performed during cross-validation
using GridsearchCV to identify the optimal parameters on a
held-out test set for each classifier. We selected the models
and their hyperparameter settings that yielded the best cross-
validation performance. Once the best models and their parameters
were identified, we used them to classify a separate Test
dataset. The comparative results of all classifiers, using their
best configurations, are presented in Tables 6, 7. Table 6 reports
the average stratified 10-fold cross-validation results, while
Table 7 presents the Test dataset performance which was not
used to obtain parameters of the model. Given the class
imbalance in the dataset, a comprehensive evaluation strategy was
employed. Instead of relying solely on accuracy, which can be
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misleading in imbalanced datasets, precision, recall, and F1-score
were prioritized. Aditionally, precision-recall analysis was also
conducted, as it is particularly useful in imbalanced classification
tasks.

Among the SVC with DistilBERT
embeddings achieved the best performance, with an accuracy
of 96.42%, Fl-score of 96.43%, precision of 96.42%, and recall
of 96.42% on the test dataset. The confusion matrix of the best-

performing SVC model is visualized in Figure 7. To further validate

evaluated models,

the classifier’s performance on imbalanced data, Figure 8 presents
the precision-recall curve, demonstrating its ability to balance false
positives and false negatives effectively. In this context, class 0
represents the “not-related” class, class 1 represents the “Available
class,” and class 2 represents the “Need” class.

Tweets, being time-sequenced data, were transformed
into word embeddings to effectively capture their contextual
information. Various classification models were then evaluated,
all of which proved suitable for developing a tweet classification
system. However, SVM demonstrated consistently superior
performance, robustness to high-dimensional embeddings, and
better generalization, while maintaining acceptable computational
requirements. SVC was the finally selected as NAR classification
model because it consistently outperformed Logistic Regression
and Random Forest across all tested embeddings over both
cross-validation and test datasets. The confusion matrix (Figure 7)
demonstrates SVC’s strong performance across all classes, with
high correct predictions for “Need” (1610), “Available” (1068),
and “Not relevant” (1363), and relatively low misclassification
rates. While Random Forest and Logistic Regression also achieved
good overall results, SVC demonstrated greater stability and
higher performance metrics, especially in critical classes like
“Need,” which are essential for identifying urgent resource
requests. SVC’s capacity to separate complex decision boundaries
in high-dimensional feature spaces, combined with manageable
computational costs, made it the preferred choice for the CoViNAR
classifier.

Despite the strong performance of the SVC model, a
manual error analysis revealed several misclassified tweets where
critical Need cases were incorrectly labeled as Not Related. This
is particularly important given that “Need” tweets represent
urgent resource requests and misclassifying them could impact
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TABLE 5 Classification models with optimal parameters and search space.

Vectorization Optimal Search space
techniques parameters  explored
SvVC DistilBERT kernel = poly, C = C: [0.1, 1, 10]; kernel:
10, gamma = scale | [linear, poly, rbf];
degree: [2, 3, 4];
gamma: [scale];
class_weight:
[balanced]
RoBERTa kernel = linear, C
=10, gamma =
scale
BERT-base kernel = poly, C =
10, gamma = scale
RF Distil BERT n_estimators = n_estimators: [100,
1000, criterion = 300, 1000]; criterion:
entropy, [gini, entropy];
min_samples_split | min_samples_split:
= 3, max_features [2,4,6];
=sqrt max_features: [sqrt,
log2]; class_weight:
[balanced]
RoBERTa n_estimators =
1000, criterion =
entropy,
min_samples_split
= 4, max_features
=sqrt
BERT-base n_estimators =
1000, criterion =
gini,
min_samples_split
=2, max_features
=sqrt
LR DistilBERT max_iter = 1000, C:[0.01,0.1, 1, 10];
penalty =12,C = penalty: [12]; solver:
4, solver = Ibfgs [Ibfgs]; max_iter:
(1000, 5000];
class_weight:
[balanced]
RoBERTa max_iter = 5000,
penalty =12,C =
9, solver = Ibfgs
BERT-base max_iter = 5000,
penalty =12,C =
0.8, solver = Ibfgs

Hyperparameters were tuned using GridSearchCV with 10-fold stratified cross-validation
(cv=10) and macro-averaged F1-score as the scoring metric (scoring="f1_macro").
kernel: Specifies the kernel type to be used in the algorithm. C: Regularization parameter.
gamma: Kernel coefficient. n_estimators: Number of decision trees in the forest. criterion:
Function to measure the quality of a split. min_samples_split: Minimum samples required
to split an internal node. max_features: Number of features to consider when looking for the
best split. max_iter: Maximum number of iterations taken for the solvers to converge.

real-world response efforts. These errors often involved implicit
language, emotional tone, abbreviations, or vague phrasing
that the model failed to capture. Table 8 presents a sample
of such misclassified tweets along with possible reasons for
misclassification. Future work could address these limitations
by incorporating context-aware models, better handling of
informal or emotional language, and thread-level information
where applicable.
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TABLE 6 Average stratified 10-fold cross-validation accuracy (%) of
classifiers using different text vectorization methods.

| Text vectorization sVC LR RF |
DistilBERT 96.39 96.14 94.54
RoBERTa 95.68 95.45 93.22
BERT-base 95.57 94.77 91.74

TABLE 7 Performance of classifiers on the test dataset using multiple text
vectorization methods.

Classifier Text Acc
vectorization (%)
SvVC DistilBERT 96.42 96.43 96.44 96.42
RoBERTa 95.92 95.93 95.94 95.92
BERT-base 95.51 95.50 95.51 95.50
Random DistilBERT 94.14 94.12 94.14 94.14
forest
RoBERTa 92.83 92.78 92.93 92.83
BERT-base 91.92 91.88 91.96 91.92
Logistic DistilBERT 95.92 95.92 95.93 95.92
regression
RoBERTa 95.33 95.34 95.36 95.33
BERT-base 94.16 94.17 94.16 94.17
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FIGURE 7
Confusion matrix of support vector classifier trained on the
DistilBERT embeddings of CoViNAR dataset.

6 Geographic location specific
temporal analysis of tweets

Researchers have employed various metrics to assess pandemic
severity through sentiment analysis and topic modeling. In
this work, we present a temporal analysis of tweets related
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FIGURE 8
Precision-recall graph for SVC classifier on CoViNAR dataset.

TABLE 8 Examples of misclassified tweets with possible reasons.

Tweet text Actual  Predicted Reason for
class class misclassification
In searching of Need Available Short and lacks
Oxygen. explicit request
#OxygenCrisis wording (e.g., “need,”
#COVIDEmergency “help”)
#COVID19
Plasma donor in Available Not related Lacks verb indicating
Indore. RT to amplify availability (e.g.,
#PlasmaRequirement “providing”);
resembles
amplification tweet
Need help getting a Available Need Mention of help
vaccine appointment service confused
in #Massachusetts? model into
Contact interpreting it as
@macovidvaxhelp resource offering
Please arrange covid Need Not related Indirect wording
ICU bed for my old without keywords like
mother. #COVID19 “urgent” or “need”
may have confused
classifier
A person with Need Not related Formal tone and lack
COVID-19 is seeking of urgency words
abed and is ready to might have led to
bear expenses. misclassification

to the need and availability of resources, offering significant
insights into the severity of the pandemic over more than
three years. This analysis was performed by mapping the
correlation between resource demands expressed on social media
and the actual patient counts of COVID-19, as reported
by the WHO.

Our work utilizes time-series tweet data from November 2019
to March 2023, considering only tweets with location information.
These tweets were pre-processed using the proposed NLP pipeline
and then classified using the NAR (Need and Available Resources)
classifier to analyze pandemic severity across three of the most
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affected countries: India, the United Kingdom (UK), and the
United States (US). The daily counts of “Need” and “Available”
tweets were recorded to assess the correlation between social media
activity and pandemic severity. Figure 9 (source: Our World in
Data) illustrates the weekly confirmed COVID-19 cases for India,
the UK, and the US, while Figures 10-12 show the temporal
patterns of NAR-classified tweets for these countries. Table 9
provides a comparative summary of NAR tweets across the three
nations.

To quantify the relationship between tweet activity and case
counts, we employed the Truncated Time Shift (TTS) test, a strong,
non-parametric method for time series correlation. The results
showed a strong and significant correlation for India (r = 0.9480,
p = 0.0000) and the UK (r = 0.7280, p = 0.0000). This confirms
that increases in resource-related tweets closely matched pandemic
severity. While the US also showed a positive correlation (r =
0.4212), it was not significant at the 0.05 level (p = 0.0800). This
may be due to better baseline resource availability and fewer distress
signals on social media. These findings suggest that social media can
act as an additional source of information to official surveillance,
particularly in areas with limited health infrastructure.

A sharp spike in “Need” tweets was observed in India during
March 2020, coinciding with the country’s first COVID-19 wave.
More notably, between March and June 2021, a significant increase
in both “Need” and “Available” tweets aligned with the second
wave, which led to nationwide lockdowns and oxygen shortages.
In contrast, the US and the UK exhibited a higher frequency of
“Available” tweets than “Need” tweets, suggesting better resource
availability during the pandemic. This trend indicates that these
countries had sufficient resources accessible to the public. Overall,
this pattern suggests that during public health emergencies, social
media activity can serve as a valuable tool for identifying localized
resource shortages and distress. Platforms like X and others may
provide health officials with early warnings, enabling them to
allocate resources and support to the most affected communities
more effectively.

The present work demonstrates the usefulness of the NLP
pipeline, which can be applied to unstructured social media data to
analyze pandemic severity level analysis and improve preparedness
and overall management during an ongoing pandemic. Thus, the
proposed NAR classifier utilizes social media data to gain valuable
insights into public perception of the ongoing pandemic situation
and its perceived severity.

7 Conclusion

This work explored the role of social media in pandemic
response, focusing on real-time resource management, assessing
pandemic severity, and comparing its effectiveness with traditional
surveillance methods. Our findings confirm that social media
analysis can provide valuable real-time insights, enhancing crisis
response strategies.

Addressing RQl, our
media data can be effectively utilized for real-time resource

results demonstrate that social
management during a pandemic. The CoViNAR dataset and NLP
pipeline efficiently identify and classify resource-related tweets,

enabling timely responses to emerging needs during crises. By
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Weekly confirmed COVID-19 cases
Weekly confirmed cases refer to the cumulative number of confirmed cases over the previous week.
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FIGURE 9
COVID-19 confirmed cases in India, the U.S., and the UK.
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FIGURE 11
Classified NAR tweets of United Kingdom.

utilizing BERTopic for topic modeling, we improved contextual
understanding beyond simple keyword-based filtering, making
the process more scalable and adaptable to different crises. For

RQ2, the temporal analysis of classified tweets showed strong
correlations with real-world COVID-19 case trends, reinforcing

the potential of social media analysis as an early-warning
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FIGURE 12
Classified NAR tweets of United States.
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TABLE 9 Comparison of peak “Need” and “Available” tweets across three countries during COVID-19.

India March 2020 ~1,200 tweets per week <500 tweets per week Spike in “Need” tweets during the first COVID-19 wave, indicating

resource shortages
March-July 2021 | ~1,200 tweets per week <500 tweets per week A sharp increase in “Need” tweets during the second wave, aligning with

400,000+ daily cases and oxygen shortages

United States January 2021 ~400 tweets per week ~800 tweets per week “Available” tweets consistently outnumbered “Need” tweets, suggesting
better resource availability

United Kingdom | January 2021 ~300 tweets per week ~600 tweets per week Similar to the US, “Available” tweets exceeded “Need” tweets, reflecting
effective resource management

mechanism. These findings highlight how social media data can
enhance real-time assessments of pandemic severity, offering
health professionals actionable insights to anticipate surges and
optimize response efforts. Such insights are valuable for real-world
public health operations, as they could help authorities identify
emerging shortages of critical resources, direct supplies where
most urgently needed, and support faster decision-making during
health crises. Regarding RQ3, our findings suggest that social
media-based monitoring offers timely and granular signals that
may be valuable in supplementing traditional resource surveillance
systems, particularly during high-demand periods. The ability to
classify tweets using machine learning models; particularly the
SVM model with DistilBERT embeddings, which achieved 96.42%
accuracy and a 96.43% F1 score underscores the effectiveness of
NLP-driven approaches in extracting critical information from
large-scale social media data.

Despite these promising outcomes, we acknowledge certain
limitations. Our reliance on X (formerly Twitter) and English-
language data may limit the generalizability of our approach,
as social media use and languages vary widely across regions.
Future work should expand the dataset to other major languages
and platforms and explore domain adaptation techniques to
transfer knowledge across languages. Additionally, the proposed
methodology is also adaptable to other types of crises, including
natural disasters and humanitarian emergencies, where real-time
detection of resource needs can greatly support response planning
and intervention efforts.

In conclusion, our research highlights the transformative
potential of social media analysis in pandemic response,
demonstrating its role in real-time decision-making, resource
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allocation, and crisis preparedness. By addressing the identified
limitations and expanding this approach to other health
emergencies, social media-driven monitoring can become an
invaluable tool for public health professionals, strengthening global
resilience against future outbreaks.
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