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ABSTRACT
Coronavirus pandemic has caused major change in peoples’ personal and social lives. The psychological
effects have been substantial because it has affected the ways people live, work, and even socialize. It
has also become major discussions on social media platforms as people showcase their opinions and the
effect of the virus on their mental health particularly. This pandemic is the first of its kind as humans has
never encountered anything like this virus. Handling it was very difficult at first as its characteristics are
peculiar. Eventually, it was detected that it is airborne and so there is need to social distance. Before the
virus surfaced, some countries of the world were dealing with mental health cases, with over 40 percent
of adults in the USA reported experiencing mental health challenges, including anxiety and depression.
Social media has become one of the major sources of information due to information sharing on a very
large scale. People perception and emotions are also portrayed through their conversations. In this research
work, the interaction and conversation of people on social media, particularly Twitter, will be analyzed
using machine learning tools and algorithm to determine the effect of the virus on the mental health
of people and help suggest the area of concentration to medical practitioners in order to speed up the
recovery process and reduce the mental health issues which has escalated due to the virus.
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I. INTRODUCTION

Coronavirus took the world by surprise as the first case with noted in November, 2019 in Wuhan, China and has
spread to almost all the countries of the world. Since the appearance of this virus, with the source still unknown, it
has been known to be air borne and the symptoms does not materialize until after few days. This means a carrier
can infect people without knowing that he or she has the virus. Before this was detected, the virus had spread to
many people and other countries. Social distancing was one way to reduce the spread. The increase in the number
of confirmed cases and the quick spread of the virus led to about 947500 deaths globally and about 30,380,035
cases globally (as at 18th September, 2020) [1]. Although the increase in confirmed cases and deaths are no longer
at its peak, its effect on human life and activities has taken a drastic turn. Social distancing has been inculcated
into daily activities, unemployment increased drastically, school closure is still very paramount in most nations and
the economy of most nations are suffering. All these have in more ways than one, affected the mental health of
human beings. Humans are social beings, the effect of this virus has led to loneliness, depression and increase
in mental health cases.The recent survey carried out by Census Bureau and the Centers for Disease Control and
Prevention shows that coronavirus is associated with rapid rises in psychological distress across many nations most
especially among women, the less educated and some minority ethic groups like black Americans. The fear of the
virus has also triggered new mental illnesses which means that the practical impact of the crisis is way more than
the actual number of infection cases or fatalities [14].A lot of conversations and emotional expressions on the virus
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and its effect on peoples’ lives has becoming a very popular topic on social media. In this research work, we will
be analyzing these conversions and expressions in order to determine the areas where people are most affected by
coronavirus and help the medical practitioners and the government narrow down to the specific areas to look into
in order to reduce the effect of the virus on peoples’ lives.

II. LITERATURE REVIEW

There are quite a number of research work that focus on social media analysis in order to depict people opinions
and perspective and also to gather relevant data. Social media has a load of information shared which can be
scraped and analyzed.HJ Do,et al investigated people’s emotional responses expressed on Twitter during the 2015
Middle East Respiratory Syndrome (MERS) outbreak in South Korea [6]. Mansur ALP et al conducted emotional
analysis of Turkish tweet using Deep Neural Networks and classified the data into six basic emotions which are
joy, sadness, anger, fear, disgust, and surprise [7]. H. Achreka predicted flu trends using Twitter data. Felipe Taliar
Giuntini et al Identified Emotional Expressions on Facebook Reactions Using Clustering Mechanism [8]. Man
Hung et al conducted a research where social media discussions related to COVID-19 were analysed to investigate
social sentiments toward COVID-19–related themes [11]. The goal of the study was to provide clarity about online
COVID-19–related discussion themes and to examine sentiments associated with COVID-19 [11]. Koustuv Saha et
al carried out a research on the psychosocial effects of the COVID-19 crisis by using social media data (Twitter)
from 2020. In their research, they found out that people’s mental health symptomatic and support expressions
increased significantly during the COVID-19 period as compared to similar data from 2019 [13]

III. METHODOLOGY

For this research work, Data collection method and analysis is used. Covid 19 and mental health related data is
retrieved from twitter related to Covid-19, the data is structured, cleaned to removed unwanted data and Natural
Language Processing module(nltk) for text processing is applied on the structured data in order to determine the
word frequencies and also categorize the text into positive, negative and neutral sentiments using nltk module called
Vader. All these are carried out with python programming language.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Data Collection

Data is collected using the twarc module of python. The unique ids of twitter users with conversations about
covid-19 and mental health are retrieved from Zenodo database [15]. All the tweet information for each ids such
as the text, date, location, language and other information were extracted from twitter starting from January till
October 2020 using the twarc module of python programming language. Due to the size of the data collected, a
sample of about 4 million rows of data was used for this research work. These data are stored in a dataframe and
saved as a csv file. The columns of the dataframe are text, id, and the time. The ’text’ column stores the information
that users provide about the subject in question. These are user’s opinion, fact, information and discussion about
covid-19 and mental health. The ’id’ column stores the unique identity of twitter user whose text are analyzed. The
’time’ column stores the exact time tweets were posted on twitter by the user. This helps to analyze the number of
tweets at a given time and at what time of the day tweets were at the peak about COVID-19 and mental health.

B. Data Analysis

Data retrieved from twitter requires cleaning and this is done by removing stop words, special characters and
words that does not add any meaning to the conversations. With the cleaned data of 1409754 tweets and 63,424,231
words, the frequency of tweets per month and a wordcloud is shown in Fig.1 and Fig.2 respectively to visualize
the frequencies of keywords.
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Fig. 1: Monthly Tweet Frequency Fig. 2: Keyword with most frequency

Sentimental analysis was conducted on the cleaned text (extracted keywords) to retrieve and compare with list
of words associated with certain emotions [5], SentimentIntensityAnalyzer module of nltk of Natural Language
Processing in python is used for this purpose. The frequency of these sentiments is plotted as a bar chart shown in
Fig.3 to visualize these sentiments and people’s perspective about covid-19 and its effect on mental health based
on their conversations in their tweets.

Fig. 3: Sentiment Distribution

The positive and negative sentiments were extracted from the tweets frequency and wordclouds were generated
to visualize the words with positive sentiments and with negative sentiments. Fig.4 and Fig.5 displays positive and
the negative wordclouds respectively.
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Fig. 4: Positive Sentiments Fig. 5: Negative Sentiments

To further understand the perception of people based on their tweets, semi-supervised learning algorithm [12] was
utilized to create different models that can further assist with the analysis of peoples’ expression. Six modules of
machine learning was used to create the model and each was compared to determine the model with the least Root
Mean Square Error RMSE). These algorithms are RandomForestRegressor, XGBRegressor, Ridge, BayesianRidge,
ExtraTreesRegressor, ElasticNet, KNeighborsRegressor and GradientBoostingRegressor. The model with the least
value of RMSE is said to be the most appropriate model to use. Fig 6 shows the result of RMSE for each model

Fig. 6: RMSE for different models

Further analysis was carried out using PseudoLabeler algorithm to create an additional model. This further
determined the model with the lower RMSE values and also created RMSE values for a sample data. As the sample
rate increases, the RMSE values for RandomForestRegressor decreases while the RMSE values for XGBRegressor
increases. This shows that the most appropriate model to use is RandomForestRegressor. Fig.7 below shows the new
RMSE values for RandomForestRegressor and XGBRegressors after going through the PseudoLabeler algorithms
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Fig. 7: Better RMSE for RandomForestRegressor and XGBRegressor

From the results of the above models, there are quite some results which shows the rate at which the RMSE
increases or decreases as the sample rate increases. RandomForestRegressor had a better result because the RMSE
reduces as the sample rate increases. Fig.8 depicts this result.

Fig. 8: Better RMSE for RandomForestRegressor and XGBRegressor

V. CONCLUSION

From the study and analysis of twitter data using Natural Language Processing and Scikit machine learning
algorithm to create AI models, we deduced that the mental health issues increased between January and April but
gradually reduced as people tends to manage the situation. The trend of Covid 19 and its effect on mental health
kept fluctuating as the months go by but still within minimized range. The effect of this pandemic on mental health
is more centered around personal challenges such as unemployment, isolation from loved ones, travel restrictions
and other unforeseen circumstances. This study will assist medical professionals to focus on the specific challenges
that triggers the mental issues in patients and help with resolutions as quickly as possible. The research is still in
proress as we keep analysing the effect of this virus on mental health using social media data so as to bring about
last solution to mental health issues.
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