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COVID-19 infodemic has been spreading faster than the pandemic itself. The misinformation
riding upon the infodemic wave poses a major threat to people’s health and governance
systems. Managing this infodemic not only requires mitigating misinformation but also an early
understanding of underlying psychological patterns. In this study, we present a novel epidemic
responsemanagement strategy.We analyze the psychometric impact and coupling of COVID-
19 infodemicwith official COVID-19 bulletins at the national and state level in India.We looked at
them from the psycholinguistic lens of emotions and quantified the extent and coupling
between them. We modified Empath, a deep skipgram-based lexicon builder, for effective
capture of health-related emotions. Using this, we analyzed the lead-lag relationships between
the time-evolution of these emotions in social media and official bulletins using Granger’s
causality. It showed that state bulletins led the social media for some emotions such asMedical
Emergency. In contrast, social media led the government bulletins for some topics such as
hygiene, government, fun, and leisure. Further insights potentially relevant for policymakers and
communicators engaged in mitigating misinformation are also discussed. We also introduce
CoronaIndiaDataset, the first social-media-based Indian COVID-19 dataset at the national and
state levels with over 5.6 million national and 2.6 million state-level tweets for the first wave of
COVID-19 in India and 1.2 million national tweets for the second wave of COVID-19 in India.

Keywords: COVID-19, social media, pandemic, psychometric analysis, government response, government

1 INTRODUCTION

COVID-19 was declared a pandemic by the WHO on March 11, 2020. Months before this
announcement, the (mis)information surrounding COVID-19 was already raging across the
world, and the “infodemic” threat was announced on February 15, 2020, at the Munich Security
Conference.1 The excessive volume and velocity of (mis)information can put global systems at risk by
compromising access to accurate, reliable, and trustworthy guidance when needed.2
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Social media has a major contribution to the spread of the
infodemic. Within social media, Twitter is the most popular
microblogging platform for expressing public opinions. It has
seen a sharp 45% increase in the usage of its curated events page
since March 6, 2020, during the COVID-19 emergency3. Thus,
the massive volume of COVID-19 data provides an opportunity
to use data mining techniques to understand the trends in
language patterns indicative of government and public emotion.

Previous research has shown the potential of Twitter to
capture public sentiment during a health crisis. Ritterman
et al. (2009) modeled public belief on the spread of the Swine
Flu in 2009 using market prediction models on Twitter to predict
the spread of the pandemic. During the swine flu and H1N1
epidemics, Signorini et al. (2011) examined Twitter based-
information to track the swiftly evolving public sentiment and
its correlation with the actual spread of disease. Twitter was used
as a surveillance system by Jain and Kumar (2015) to track the
spread of the 2015 H1N1 pandemic in India and the general
public awareness. While sentiment polarity is useful, none of the
previous studies has captured emotions, which are far more
nuanced than sentiments. Analyzing emotions from text was
traditionally accomplished through the use of lexical categories
curated by human experts, such as in the work by Pennebaker
et al. (2001). More recently, psychometric analyses have leveraged
natural language processing and machine learning to capture
moods. For example, Fast et al. (2016) created a state-of-the-art
based on word embeddings to mine lexical categories
representing emotions and demonstrated how mood on
Twitter relates to the time of the day and how deception in
hotel reviews correlated with strong emotional content.

This article presents a novel strategy to effectively manage crisis
response using psycholinguistic insights, shedding light upon the
relation between the government bulletins and the public
sentiment present on social media. We extract the state-specific
emotion content of COVID-19-related official state bulletins and
tweets in India and analyzed the psychometric coupling between
the two. We curate CoronaIndiaDataset having more than 5.6
million tweets, specific to India, which was collected using two
approaches—content-based and location-based queries—as
explained in the Dataset section. To capture emotions more
effectively in public health settings, we modified Empath— an
open-source lexicon builder. We expanded its lexical categories to
include contemporary and contextual words related to COVID-19.
Granger’s causality analysis on the time-series of the extracted
psycholinguistic markers showed that state bulletins were leading
social media for some emotions such as Medical Emergency.
Finally, we present our insights based on the
CoronaIndiaDataset, as an interactive web portal, CoVibes
(https://covibes.herokuapp.com/).

Several studies have examined public sentiment and attitudes
toward pandemics. During the Ebola pandemic, Lazard et al.
(2015) examined public sentiment in the live Twitter chat by the
Centers for Disease Control and Prevention. They identified

broad themes from the discourse to aid communication and
alleviate public panic. Wong et al. (2017) also conducted a
qualitative analysis on the Ebola-related tweets by the local
health departments to identify the major themes. The work by
Kim et al. (2016) examined a topic-based sentiment analysis of
the Ebola virus on Twitter and in the news.

With the global pandemic of COVID-19, the world’s efforts
shifted focus toward tackling it. Chen et al. (2020) provided the
first Twitter dataset by collecting tweets related to #COVID19.
This dataset is an ongoing collection, starting from January 22,
2020. Over time, they tracked more keywords on Twitter to
collect a broader context in the dataset. Haouari et al. (2020) also
presented ArCov-19, a large Arabic Twitter dataset collected from
January 27, 2020, to March 31, 2020.

During the COVID-19 infodemic, Zhao et al. (2020) examined
the attention of the Chinese public to COVID-19 by analyzing
search trends on Sina Microblog and evaluated public opinion
through word frequency and sentiment analysis. Alhajji et al.
(2020) analyzed public sentiment by collecting up to 20,000
tweets within 48 h of crucial events in Saudi Arabia’s timeline,
using transfer learning to do the sentiment analysis. Kayes et al.
(2020) measured community acceptance of social distancing in
Australia, reporting that the majority of tweets were in favor of
social distancing. Li et al. (2020b) extracted psychological profiles
of active Weibo users during COVID-19 spread in China to
analyze linguistic, emotional, and cognitive indicators.

Analyzing user behavior and response can provide a critical
understanding of what policies and decisions worked. Hou et al.
(2020) assessed the public’s response to the situation and the
government guidelines in terms of attention, risk perception, the
emotional and behavioral response by analyzing search trends,
shopping trends, and blog posts on popular Chinese services. Li.
et al. (2020a) analyzed how information regarding COVID-19
was disseminated, suggesting valuable insights into the need for
information. The work by Tahmasbi et al. (2020) shows how the
current pandemic situation has caused an unfortunate rise in
Sinophobic behavior on the web. Therefore, our study sought to
examine how Government tweets were linked to emotional
responses in the public using the method outlined below.

2 METHODS

2.1 Dataset
We curated the CoronaIndiaDataset(CID), collected using
Twitter’s official Tweepy API. The dataset is split into two
parts, collected during the first and second waves of COVID-
19 in India, respectively. The first part of the dataset,
CoronaIndiaDataset-W1, contains tweets from March 1, 2020,
to April 27, 2020. CoronaIndiaDataset-W1 contains 5.6 million
tweets talking about COVID-19 in Indian settings and 2.6 million
state-specific tweets during the first wave of COVID-19 in India.
The second part of the dataset, CoronaIndiaDataset-W2,
contains tweets from March 10, 2021, to May 29, 2021.
CoronaIndiaDataset-W2 contains 1.2 million tweets talking
about COVID-19 in Indian settings during the second wave of
COVID-19 in India. While sharing the dataset according to

3https://blog.twitter.com/en_us/topics/company/2020/An-update-on-our-continuity-
strategy-during-COVID-19

Frontiers in Communication | www.frontiersin.org September 2021 | Volume 6 | Article 6959132

Aggrawal et al. Analyzing Government and Twitter Emotions

https://covibes.herokuapp.com/
https://blog.twitter.com/en_us/topics/company/2020/An-update-on-our-continuity-strategy-during-COVID-19
https://blog.twitter.com/en_us/topics/company/2020/An-update-on-our-continuity-strategy-during-COVID-19
https://www.frontiersin.org/journals/communication
www.frontiersin.org
https://www.frontiersin.org/journals/communication#articles


Twitter’s policies, we have only shared the tweet IDs. This
redaction allows us to respect the user’s privacy, and thus, the
analysis is only limited to the tweets available in the public
domain. Table 1 shows the state-wise frequency of tweets
available for the most popular states in our dataset. Figure 2
shows the availability of tweets in our database with time, for the
first and second wave of Covid-19 in India.

2.1.1 Twitter Data Collection
For data collection, the computing specifications we used were an
Ubuntu 16.04 server with 64 GB of Ram, a 1 TB hard drive, and
an Intel quad-core processor. For CoronaIndiaDataset-W1, the
data were collected using two separate approaches in
parallel–content-based query and location-based query. For
CoronaIndiaDataset-W2, only the content-based query was used.

Content-based query: The trending and most popular
hashtags for each of the Indian states were explored to
manually create the list of hashtags related to COVID-19. We
also went through several COVID-19-related tweets manually to
find and subsequently mine the most popular hashtags related to
COVID-19, which may not be trending. Further, to automate the
collection of relevant tweets, we formulated generic queries like
“corona < state >” and collected the state-wise COVID-19-related
Twitter data in the same manner.

The focus is on getting a broad set of tweets that talk about
COVID-19 in the context of India or the Indian states. We built
multiple queries by joining terms related to COVID-19 with the
name or common aliases of the region and collected data from
March 1, 2020, to April 23, 2020. Some of the terms we used
were—“corona”, “covid19”, “coronavirus”, “lockdown”, etc. In
addition, popular hashtags like #coronavirusin < region >,
#coronain < region >, #corona < region >, # < region >
fightscorona were used, where “<region>”replaced by the name
or popular alias of India or various states. Examples of a popular
alias are “Orissa” for Odisha, “TN” for Tamil Nadu, “UP” for Uttar
Pradesh, or spelling mistakes like “chatisgarh” for Chhattisgarh.

Location-based query: We collected tweets for globally
trending COVID-19-related hashtags and filtered tweets based
on the User Location. We collected tweets for the following
hashtags and keywords—#COVID19, “CoronaVirusUpdates”,
“coronavirus”, “corona virus outbreak”, “corona wuhan”,
#Coronavirus, #NCOV19, #CoronavirusOutbreak,
#coronaviruschina, #coronavirus, “COVID19” from March 14,
2020, to April 27, 2020. This strategy resulted in a collection of

a total of 12 million tweets from all over the world. We also created
a list of location filters for various states. These are the state names,
aliases (as explained above), and names of popular cities in those
states. Using these, we first filtered out all tweets having “India” in
their user location and then sorted them based on the keyword
matches of tokens in the user location with the above list. The user
location was lowercased before matching.

2.1.2 Indian State Government n-CoV2019-Related
Bulletins
DataMeet Community has curated a database of COVID-19-
related government bulletins from the Indian States4,5. These
bulletins have statistics about COVID-19 cases in the state,
the government’s response to them, advisories, and other
helpful information. We have analyzed all the reports that are
in English language and belong to the states of Delhi, West
Bengal, Punjab, Tamil Nadu, Odisha, and Kerala.

2.2 Preprocessing
We started with preprocessing the data and reducing the noise.
Firstly, we lowercased the text, followed by tokenization or breaking
the text into smaller units like words. Next, we removed stopwords,
links, non-roman character words, whitespace, punctuations, and
numbers, followed by Lemmatization.

2.3 Quantitative Empath Analysis
Empath (Fast et al. (2016)) is an open vocabulary-based tool to
generate and validate lexical categories. It is based on a deep skip-
gram model to draw a correlation between many words and
phrases starting from a small set of seed words. It has some inbuilt
categories, including emotions, which can be used to identify the
emotion associated with a text. We analyzed Empath scores of
emotions related to positive sentiment, negative sentiment,
country, and government, the pandemic caused by COVID-19,
and the fight against COVID-19. Details of the specific categories
used are in Table 2.

Empath provides three types of datasets to build the lexicon
from—“reddit” (social media), “nytimes” (news articles), and
“fiction”, and models a category by finding the words closest
to the “seed words” of that category. Preliminary analysis using
the Empath library showed that the current lexicon (including all
three categories) was inadequate to analyze the current situation
properly. A case in point would be that the word “positive” had a
connotation with positive emotion in the Empath categories.
However, in the COVID-19 scenario, it was often used in the
context of “tested positive”. By itself, it was not a positive or
negative emotion, and instead hinted at the activity of testing
positive for COVID-19.

To rectify this, we manually examined the most frequent
unigrams and bigrams as well as some common bigrams in
the collected data, which may be classified incorrectly in the
given context. We manually annotated them into the most
relevant categories or created new categories to help better

TABLE 1 | CoronaIndiaDataset statistics.

Region Tweets Region Tweets

India 5,624,066 Delhi 557,458
Maharashtra 389,982 Uttar Pradesh 233,507
Karnataka 209,582 Tamil Nadu 208,608
Telangana 175,444 Rajasthan 118,571
Gujarat 97,478 Haryana 95,197
West Bengal 93,861 Bihar 93,623
Madhya Pradesh 82,290 Odisha 50,704
Kerala 47,644 Punjab 43,426
Others 167,264

4http://projects.datameet.org/covid19/
5https://github.com/datameet/covid19
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analyze the emotional content of the tweets. Table 3 shows some
important modifications. The complete list of categories and their
respective word lexicon can be found in the open-source
repository of Empath.

2.4 Granger’s Causality Analysis
As a prerequisite for studying the causal mechanism between the
time series on Delhi bulletin and Delhi tweets, both sets of data
were subjected to the Augmented Dickey–Fuller (ADF) test of
unit root (to see whether the series are stationary or not). The
formulation adopted for the ADF test was as follows:

△Yt � τYt−1 + αi∑
m

i�1
△Yt−i + ut (1)

where t stands for the time variable,△ for the difference operator,
and ut for the disturbance terms. The null and alternative
hypotheses for the test are:

△H0 : τ � 0 (meaning that the series possesses a unit root and
is, therefore, non-stationary);

△H1 : τ < 1 (meaning that the series does not possess a unit
root and is, therefore, stationary).

For examining causality, each of the corresponding pairs of
variables from the first-differenced data sets was subjected to the
estimation of Eqs 2, 3:

Yt � α01 +∑
p

i�1
α1iYt−i +∑

p

i�1
β1iXt−i + u1t (2)

Yt � α02 +∑
p

i�1
α2iYt−i + u2t (3)

which were then compared for their predictive power through
Wald’s test. If Eq. 2 turns out to be statistically superior to Eq. 1
(thus implying that the current value of Y can be better predicted
through its past values as well as the past values of X than through

the past values of Y alone), thenwe say XGranger causes(G-causes)
Y. The series Y and X were then interchanged and the process
repeated to examine if Y G-causes X.

The optimum number p of lagged terms to be included was
decided through the min AIC criterion which, in the present
analysis, turned out to be 1, in general.

All analysis was done on a HP ProBook G3 laptop with 8 GB
RAM, 1 Tb hard drive, and Google Colaboratory with 12 GB
RAM and 100 GB space. It takes us 6 h of total runtime to execute
one pass of the analysis code on our data. All the data and code for
this article are available here: http://bit.ly/Covibes.

3 RESULTS

The analysis in this work focuses on the first wave of COVID-19,
because of the limited availability of government bulletins in the
second wave. The Empath time series and Granger causality
analysis only use CoronaIndiaDataset-W1 and Datameet
Government bulletins dataset.

3.1 Theme 1: National Analysis of Twitter
Content
Using Empath, we analyzed the tweets collected inMarch 2020, along
with various psycholinguistic attributes, as shown in Figure 3. The
most common categories being discussed in the tweets were “medical
emergency”, “government”, and “health”, which reflects that while
discussing the pandemic, the public is bringing the government into
the discourse, be it referring to some government policy or some
information released by the government (see Figure 1). A significant
frequency of words belonging to the business category was observed,
where people are using words like workers, business, company,
economy, etc. “Workers” was one of the most used words in this
category. Suresh et al. (2020) sheds light on the migrant worker crisis

TABLE 2 | Empath Categories used for analysis.

Domain Empath categories

Positive Sentiment “help”, “healing”, “positive emotion”, “optimism”, “sympathy”
Negative Sentiment “fear”, “negative emotion”, “sadness”, “nervousness”, “confusion”

Country “government”, “economics”, “business”, “occupation’
Pandemic Situation “medical emergency”, “health”, “hygiene”
Fighting COVID19 “war”, “fight”, “movement”

TABLE 3 | Important modifications to Empath categories.

Empath category Tokens added (lemmatized)

medical emergency case, positive, positive_case, test_positive, pandemic, lockdown, spread

health test_positive, test_negative

healing vaccine

government cm, pm, prime_minister, minister, govt

fight, war eradicate, contain, overcome, prevent

business startup
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during the lockdown in India.Many laborers andworkers lost their jobs
and were left without food and shelter. They had to migrate from cities
back to their hometowns on foot. We observed that this was an
important and widely raised issue in public discussions. Table 4 shows
the list of themost frequently occurringwords in each Empath category
with an Empath score of > 1. The categories are sorted by their total
Empath score in this analysis. Further, we analyzed the collectedTwitter
data based on psycholinguistic attributes as shown in Figure 5 and
observed temporal patterns over short and long time scales.

We observed the long-term patterns in the Empath time series to
identify how the sentiments observed in the discourse around
COVID-19 on Indian Twitter evolve. “Health” and “government”
have been the most popular categories for the Indian Twitter data in
the long term. The frequency of nervousness-related words has
sharply declined over time, with the peak around the time when
COVID-19 started becoming popular. The discourse shifts from those
related to hygiene and nervousness to those related to business and
optimism. The discourse related to “hygiene” became very popular
near the time when the lockdown was first imposed in India. Over
time the frequency has declined, possibly hinting at the normalization
of certain aspects of the COVID-19 narrative on Indian Twitter.

On looking at short-term temporal patterns, we find that certain
short-term patterns coincide with on-ground events. On March 28,
2020, India crossed a total number of 1,000 confirmed COVID-19
cases. We observed that while the frequency of “health”-related tweets
take a sharp dip nearMarch 28, 2020, the frequency of tweets related to
“government” observes its peak on the same day.OnApril 18, 2020 due
to the imposition of a nationwide lockdown, the time taken for doubling
COVID-19 cases came down from every 3 days to every 8 days. We
observed that the presence of optimism-related keywords in the tweets
has increased over time, with the highest frequency of optimistic words
from April 18, 2020, to April 21, 2020. We also observed that the
frequency of business-related words increases over time, with the peak
being observed around April 20, 2020, when the government allowed
certain relaxation for shops selling essential items to reopen up for the
first time post the COVID-19 lockdown. The reflection of the on-
ground situation in the Empath signals is also evident in the long-term
patterns. We have compared the radar plot of Empath signals from the
first and the second wave as well (Figure 3). While the distribution is
largely similar, a major difference is that the “help” and “death”
categories are much more prominent in the second wave. This is
because the second wave hit India much more severely. With the

FIGURE 1 | Sample tweets belonging to the popular Empath categories.

FIGURE 2 | Frequency of tweets v/s dates available in our Dataset.
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country’s medical infrastructure overwhelmed, we saw people asking
desperately for help on Twitter from anyonewho could help. The death
count was also significantly larger during the second wave.

We thus, observed that the rapidly evolving public sentiment is
reflective of the public’s response to the on-ground COVID-19
situation and the government response.

3.2 Theme 2: Influence of State Bulletins on
Public Emotion on Twitter
3.2.1 Emotion Mining in Tweets
We analyzed the psycholinguistic features of COVID-19-related
discourses on Twitter at a state level, as shown in Figure 4.
Although the magnitudes of psycholinguistic features vary across
different states, their relative frequency remains the same.

We observed that while in some states like Delhi (Figure 4A),
Punjab (Figure 4C), and Odisha (Figure 4E) tweets talking about

government-related words were the most common on Twitter, few
states like Tamil Nadu (Figure 4D) and West Bengal (Figure 4B)
talked more about the “medical emergency” topic. Kerala (Figure 4F),
on the other hand, had an equal frequency of words related to the
“medical emergency” and “government” topics. West Bengal
(Figure 4B) and Kerala (Figure 4F) also have a higher frequency of
words related to negative emotion compared to other states. West
Bengal (Figure 4B) showed higher levels of healing and positive
emotions in the tweets. Interestingly, it also showed an even higher
frequency of words related to war or fight.

3.2.2 Emotion Mining in State Government Bulletins
Looking at the COVID-19 government bulletins of the six states
we were studying, we observed that they frequently use words
related to “medical emergency” and “health” (Figure 6). The
government bulletins released by the Delhi and West Bengal
governments have a higher frequency of linguistic features related

TABLE 4 | The top 20 most frequently occurring words for each empath category which had a score of >0.01 in the national level tweets analysis.

Medical emergency Government Health Business Negative emotion War Help fight

case lockdown health need fight fight help fight
lockdown pm patient worker death fighting patient fighting
health govt doctor work fighting citizen support protect
patient government hospital fund stop outbreak request challenge
doctor minister testing working break leader protect battle
pandemic cm medical service mean battle friend force
positive fund Disease local hard contain nurse contain
hospital nation infection business hit warrior provide warrior
test global treatment supply reason attack responsible attack
medical contribution nurse company kill army duty win
quarantine economy vaccine economy wrong defeat kindly defeat
disease united cure employee worst kill volunteer kill
infection congress medicine pay hate threat treat threat
treatment facility symptom conference bad civil financial train
nurse rule recovery office lost strategy trust containment
emergency international epidemic industry blame general offer blame
isolation society healthy administration dead overcome aid strategy
ventilator law condition department alone terrorist protection overcome
ward administration cancer financial sad weapon serve weapon
symptom sector immune salary beat soldier benefit charge

violence economics healing positive emotion family death optimism movement

fight fund hospital family home death positive step
death contribution medical keep family life hope travel
impact supply save great best kill better awareness
mean economy better hope child suffering love forward
hit money treatment better mother wish happy hit
kill job vaccine friend leave pray appreciate gesture
feel donate cure proud visit brother future move
suffering market affected love brother wife appreciation run
bad industry medicine happy daughter dead feeling turn
dead cost power respect wife victim success movement
cut financial recovery reason father loss glad land
tough salary treat wish sister cancer wonderful slow
beat wage containment gratitude parent dying fun race
violence politics strong concern baby devastated knowledge jump
severe price survive trust finance funeral faith walk
damage saving recover feeling husband deceased surely throw
beating development strengthen glad relative closure enjoy lift
scared production explain loved newborn graveyard encourage directly
afraid export extent faith dad burial thankful fly
struggle grocery cope understanding biological tragedy happiness catch
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to the topic “healing” than other states. Interestingly, the state
government bulletins in Odisha have a significantly higher
inclination towards using words related to government, while
for most other states, the primary focus is toward medical
emergency. Also, all government bulletins show no “fear” or
“confusion”-related psycholinguistic markers.

3.2.3 Causal Relationship Between Government
Bulletins and Public Emotion
The causality analysis was done between the Delhi Government
bulletins and tweets with the context of Delhi. The emotions fear,
sadness, nervousness, confusion, fun, positive emotion, and
economics were found to be stationary in the ADF test.

FIGURE 3 | Empath Analysis for Indian Twitter in both waves. medical_emergency is the most frequently talked about Empath category. The main difference
between the two waves is that the “help” and “death” categories are much more prominent in the second wave.

FIGURE 4 | Empath analysis of tweets particular to Indian states: The most prominent categories across all states were medical_emergency and government.
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However the large majority of categories, for example, Help time
series were nonstationary (p-value > 0.05). However, the first-
order difference of these time series was found to be stationary,
therefore implying suitability for further G-causality analysis. See
Table 5 for details. Consequently, for examining causality
behavior, we have uniformly considered the first-differenced
series on all the variables in respect of both data sets.

For each topic/emotion, we tested Granger causality in both
directions—the data set on Delhi Tweets (TWT) G-Causes the
data set on Delhi Bulletins (BLT) or vice-versa. For example, in
respect of “Medical Emergency”, the strength of causality was
found to be higher in the direction of bulletin to tweets as found
by interchanging these variables and assessing statistical
significance at a 1% probability level. We may thus say that
although there was an indication of feedback (bi-directional
causality) between the two sets of data in respect of “Medical
Emergency”, the strength of causality was more pronounced from
bulletin to tweet. Similarly, significant (at 5% probability level)
unidirectional causality (from bulletin to tweet) was also detected
in respect of each of “death” and “war”. “health” demonstrated bi-
directional causality (feedback) (at 5% level). Very strong
causality (at < 0.1% probability level) from tweet to bulletin
was indicated in respect of the variables “hygiene”, “leisure”,
“fun,” and “government”. Topics that induced causality in any
direction (TWT G-Causing BLT or BLT G-Causing TWT or
both) are listed in Table 6. The table is sorted by the direction of
Granger Causality. But for the rest of the variables, causal linkages
between the two sets of data failed to be established. Thus, on the

whole, the direction and strength of causality between the two sets
of data were peculiar to the variable under consideration.

4 DISCUSSION

The purpose of our study is to provide suggestions for the
government to devise more effective bulletins during a
pandemic to dissipate negative emotions in public like fear
and panic, taking India and its various states as case studies.

A Novel Twitter Dataset on National and
State Level COVID-19 Discourse in India
We present a novel CoronaIndiaDataset with more than 5.6
million COVID-19-related Indian tweets, including
geographically tagged tweets related to the Indian states.
Specific to Indian states, this is the largest Covid-19 Twitter
dataset to the best of our knowledge. We also use a government
bulletin dataset in addition to the Twitter dataset to understand
their evolution and their relationship with each other. The
approach can be expanded to study this relationship on a
wider scale. Lamsal (2021)’s geo-tagged Covid-19 tweets
dataset can be used to shed light on the psycholinguistic
relation between the government or WHO bulletins and the
sentiment expressed by the residents on Twitter on a global
scale. We can further use it to explore the differences between the
induced public emotions globally.

TABLE 5 | Results in respect of Augmented Dickey–Fuller test of Unit Root.

Variable Bulletin Tweet

At Levels First Differenced At Levels First Differenced

τ Significance τ Significance τ Significance τ Significance

Help −1.5957 NS −6.0811 pp −0.0196 NS −6.7529 pp

Medical Emergency −0.7589 NS −4.2722 pp −0.3510 NS −4.8404 pp

Health −0.708 NS −4.4264 pp −0.1305 NS −5.3220 pp

Hygiene −1.0035 NS −3.9099 pp −0.8163 NS −5.5162 pp

Fear −1.9712 p −4.0759 pp −1.6783 NS −5.2862 pp

Death −1.0259 NS −5.5868 pp −1.0432 NS −3.9519 pp

Negative Emotion −0.9951 NS −5.3831 pp −1.1707 NS −4.9076 pp

Sadness −3.6667 pp −6.8719 ** −1.4853 NS −3.9579 pp

Nervousness −2.4119 p −4.1097 pp −2.8012 NS −4.4155 pp

Confusion −2.2471 p −6.1171 pp −0.3505 NS −5.1352 pp

War −0.7392 NS −4.1929 pp −0.6573 NS −3.6262 pp

Fight −1.1623 NS −5.831 pp −0.6296 NS −3.4056 pp

Healing −0.7563 NS −5.2625 pp 0.0691 NS −4.0565 pp

Leisure −1.4084 NS −4.4319 pp −0.7163 NS −6.4206 pp

Fun −1.9783 p −5.1959 pp −0.7581 NS −2.9320 pp

Positive Emotion −2.705 pp −5.7106 pp −0.9994 NS −3.8429 pp

Optimism −0.2408 NS −3.4171 pp −0.7702 NS −3.8225 pp

Sympathy NC NC NC NC −1.6691 NS −5.8757 pp

Family −1.579 NS −4.7658 pp −0.1853 NS −4.3916 pp

Government −0.6655 NS −4.9432 pp 0.2586 NS −3.5532 pp

Economics −2.2898 p −5.8496 pp 0.0531 NS −4.1381 pp

Business −0.7952 NS −4.7221 pp 0.2435 NS −2.9480 pp

Occupation −0.7609 NS −6.5216 pp 0.0550 NS −4.3939 **

Critical Values of τ: -1.951 at 5% and -2.623 at 1% level of significance; Significant at 0.1% probability level; pp: Significant at 1% probability level; p: Significant at 5% probability level; NS:
Non-significant; NC: Non-computable.
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Empath Time Series
We observed how Twitter sentiment reflects Twitter users’
reactions to on-ground situations, with sharp dips or peaks in
certain topic signals. The topics or emotions which peak during a
crisis are more important to the users. Abdullah et al. (2015)
performed a study to show that, during a crisis, users retweet what
they think is important; this is different from the user thinking it
is correct. The same applies to user behavior during a
pandemic—users would more often retweet what they think is
important than what is correct. An entity that aims to tackle
misinformation should look at these reactions (peaks and dips) to
identify the topics or emotions users feel are important and
address those topics in addition to talking about the facts so
that the user behavior mentioned above can be used as an
advantage to tackle misinformation.

The discourse related to “hygiene” became very popular near
the time when the lockdown first got imposed, however, over time
the frequency has declined possibly hinting at the normalization
of certain aspects of the COVID-19 narrative on Indian Twitter.
Bhuyan (2021) discusses how India’s complacency was a major
factor in causing the second wave of COVID-19. A population
that is unaware of a threat can be educated. But an aware
population that starts normalizing a known threat is much
more vulnerable and can even cause harm to the mitigation
efforts. Analysis of these signals can help identify this behavior
and can be used to take measures to reduce normalization. We
also observed that the frequency of business-related words
increases over time. This category includes words like shop,
business, job, startup, company, corporation, salary, etc. This
hints at people’s increasing concerns about the impact of
COVID-19 on their business or occupation. This can also be
seen in the Empath Radar charts (Figures 3, 4), as the business
category is one of the major signals from the Twitter Empath
analysis.

Lockdowns, inorganic human interactions through virtual
media, and the increasing restrictions also affect the mental
and emotional health of people. Chehal et al. (2020) found
that although in India, people had a positive outlook toward

Lockdown 2.0, they developed a negative outlook toward
lockdown restrictions when Lockdown 3.0 was imposed,
indicating declining emotional health. Using the methods
discussed above, governments can understand the problems
people are facing and also identify the general trends in
negative emotions. Partnering with leading mental health
institutions, these can then be studied and used to devise
effective strategies and programs to help people cope with this
unprecedented time.

We observed how there are similarities as well as differences in
the Psychometric signals from the tweets of various states. While
“medical emergency” is the most prominent category in almost all
states, we see clear differences as we go to the next rank of most
prominent category in the discourse. For example, the discourses
corresponding to Punjab have “government” as the most
prominent topic. While in Tamil Nadu discourses, the
prominence of the “government” topic is significantly less. The
similarity across all states highlights the need for state
governments to work in coordination with the central
government to devise a unified common strategy, but at the
same time also monitor local developments and take appropriate
action. The discussed methods can help state governments
identify the unique patterns in the discourse for their states,
and at the same time understand how similar the situation is with
other states.

Granger-Causality
We discussed how addressing the topics important to users can
help tackle the spread of misinformation. Studying the lead-lag
relationships between the psychometric signals of government
bulletins and Twitter discourse can help understand whether
government bulletins were able to adapt to the evolving Twitter
discourse and address the change in the importance of these
topics. In Table 6, we observed how the Twitter topic signals are
g-causing (or leading) the government bulletin signals for the
same topic. In other words, the government bulletins are adapting
and incorporating the discourse on Twitter for these emotions
into their discourse. But most of these emotions—“hygiene”,

TABLE 6 | Results in respect of Granger’s Causality Test. Sorted by direction of the causality.

Variable Caused set (Y) Causal set (X) F-value from
Wald’s testa

p-Value Remarkb Direction

Hygiene Bulletin Tweet 10.004 0.0036 pp

Tweets G-causes Bulletins

Tweet Bulletin 2.71 0.1102 NS

Government Bulletin Tweet 9.097 0.0052 pp

Tweet Bulletin 2.387 0.1328 NS

Leisure Bulletin Tweet 16.293 0.0004 ppp

Tweet Bulletin 7.044 0.0126 p

Fun Bulletin Tweet 36.026 0.0001 ppp

Tweet Bulletin 5.561 0.0251 p

Medical Emergency Bulletin Tweet 6.932 0.0133 p Bulletins G-causes Tweets
Tweet Bulletin 16.673 0.0003 ppp

aAt 1 and 30 d. f.
b: ***: Significant at 0.1% probability level; **: Significant at 1% probability level; *: Significant at 5% probability level; NS: Nonsignificant.
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FIGURE 5 | Time Series analysis of emotions in India-related Tweets. Clear patterns of consistent decline/increase can be seen in the time series plots of various
emotions, which correlate to on ground events related to COVID-19.

FIGURE 6 | Empath analysis of government bulletins related to COVID-19 in India.
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“leisure,” and “fun”—do not rank high on the topics which are
important for the users. See Table 4 for the topics which are most
talked about in the national level Twitter discourse. For example,
in the Empath time series (Figure 5), we see how the discourse
related to business is increasing over time, indicating the growing
importance of the topic “business”. But we see in Figure 6 that the
government bulletins from some state governments have
minimal or no discourse about business. Governments and
several leaders can use this analysis to check whether their
discourse addresses the important topics, allowing them to be
more effective in communication and at the same time tackle
misinformation.

Using the modified Empath pipelines discussed in this article,
similar to the work by Dubey (2020), we can compare the Twitter
sentiments for the leadership of different Indian states during the
COVID-19 pandemic. Using text analysis tools, after removing
abusive speech, is a useful approach to get the on-ground pulse
and feedback from the people. This can help governments and
servant leaders to focus on delivering user needs more effectively.
Further to this, the g-causality analysis method can be used to
monitor whether the strategy is adaptive to what is important for
the users.

5 CONCLUSION

We present a novel CoronaIndiaDataset with more than 5.6
million COVID-19-related Indian tweets, including tweets
related to the Indian states. We link the rapidly changing
psycholinguistic attributes of the public sentiment to the real-
life on-ground situations arising due to COVID-19. We also
present the analysis of lead-lag relationships between the time
series of extracted emotions from official state bulletins and
social media using Granger’s causality to show that for emotions
like Medical Emergency, the state bulletin was leading the social
media. We further designed an interactive web portal COVibes
(https://covibes.herokuapp.com), to present our psychometric
insights gained both at a national and state level, from the
CoronaIndiaDataset. This dataset and analysis technique can be
used for further research into understanding the public
perceptions and making more effective policy decisions. We
restricted our work to the English language. Future work in this
direction can be done to increase the scope of the analysis to
various Indian languages. Furthermore, we can explore how the

combination of central government bulletins and state
government bulletins relate to the tweets across the country.
Further, one can also understand the globalized and localized
relationship between the psycholinguistic markers displayed in
the social media posts globally and those displayed within India,
which can be used by policymakers to device effective policy
decisions learning from other countries.
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