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Abstract 

Twitter has proven to be a ready venue for democratizing opinion data even during the 

COVID-19 pandemic. During the protracted periods of the resultant lockdown, access to 

the internet allowed citizens of various nations and government agencies to express their 

opinions online using their Twitter handles. In this data article, a collection of 619,203 

tweets posts were provided on COVID-19 in some selected countries in Africa. This data 

was collected over 180 days, from February 14, 2020, to August 14, 2020. This dataset can 

attract researchers' attention related to different fields of knowledge such as data science, 

natural language processing, social science, informatics, tourism, and infodemiology 
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1. Introduction 

Data-driven research and development is crucial to the COVID-19 Pandemic. Opinions 

mined from the internet especially from social media are very useful to decision makers in 

a crisis period like the pandemic. This data article provides opinions from five (5) selected 

African countries about the pandemic to assist data scientists and epidemiologists in 

providing valuable incident response to the situation. The Specifications Table gives a 

summary of the dataset, and the rest of the article describes its usefulness.  
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Specifications Table  

Subject Infectious Diseases, Epidemiology, Social Science, Health 

Informatics, Computer Science 

Specific 

subject area 

Social Media  

Type of data Tweets 

How data were 

acquired 

Querying Twitter REST API using the “GetOldTweets” Python 

package [1] 

Data format Analysed and Filtered 

Parameters for 

data collection 

Tweets matching keywords COVID, COVID19, COVID-19, 

Corona, Coronavirus, Lockdown, Pandemic  

Description of 

data collection 

Tweets matching COVID-19 and Lockdown between February 14, 

2020 to August 14, 2020 from Nigeria, South Africa, Algeria, 

Egypt, and Sudan 

Data source 

location 

Nigeria, South Africa, Algeria, Egypt, and Sudan 

Data 

accessibility 

Repository name: Mendeley 

Data Repository: http://dx.doi.org/10.17632/c8x5tpvzmk.3 

Project URL: http://bit.ly/COVID-19-tweets-github-repo    

 

 

2. Value of the Data 

● The data collection covers the period of the initial outbreak of the pandemic and the early 

stages of the lockdown in the selected countries. It can serve as a gauge for a comparative 

study on the pandemic's perception and the lockdown measures.  

● It is useful for qualitative analysis of social media contents to extract personal and 

corporate opinions on the pandemic.  

http://dx.doi.org/10.17632/c8x5tpvzmk.2
http://bit.ly/COVID-19-tweets-github-repo
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● The individual tweets may be a valuable resource for analyzing different users' posting 

patterns; it can reveal the dynamics of each country's citizens on their perceptions about the 

pandemic and well as the lockdown.  

● The tweets may be useful for computational tasks that may provide domain summary 

and/or thematic analysis that determines main topics in each African country about the 

COVID-19 pandemic.  

● The data is relevant for sentiment analysis tasks to determine Africans' opinions and 

emotions on the pandemic. Please abide exactly by the above regulations. 

 

3. Acquirements of the Data 

According to a global report on June 2020 in [2], ‘Africa has recorded fewer than 6,000 

deaths, according to an AFP tally, but just five countries account for 70% of these: South 

Africa, Algeria, Nigeria, Egypt, and Sudan’. This justifies our choice to collect the 

pandemic datasets from these countries. The datasets were collected over a period of six (6) 

months from February 14, 2020, to August 14, 2020, using seven (7) keywords/hashtags as 

follows: COVID, COVID19, COVID-19, Corona, Coronavirus, Lockdown, and Pandemic. 

This is not unconnected with the fact that Africa’s first case of COVID-19 was confirmed 

in Egypt on February 4, 2020, and by August 2020, Africa’s COVID-19 confirmed cases 

had increased to over one million [3]. 

 

Table 1: Description of Variables 

Variable Name Description  

date Date and time (in UTC) in which the tweet was posted  

tweet The text of the post  

retweets The number of times the tweets was reposted by other users  

favorites The number of times other users liked the post 

replies The number of users who commented on the tweet  

hashtags Specific keywords used within the tweet  

country The nation from which the tweets was extracted  

link_to_the_tweet A live URL of the tweet 

 

The tweets are stored in two separated Comma-Separated Values (CSV) files, Figure 1 

shown below is the glimpse of the clean tweets.   
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Figure 1. A glimpse of the dataset 

 

raw tweets: This CSV file comprises raw tweets with some duplicates.  

clean tweets: This CSV file comprises clean tweets with no duplicate 

 

4. Experimental Design, Materials, and Methods 

The raw data of 826,412 Twitter posts were downloaded from Twitter REST API search 

using the "GetOldTweets" Python package, which was designed to bypass some of the 

limitations of the official Twitter API [1]. The collection duration is between February 14, 

2020, to August 14, 2020, i.e., 6 months. We search for keywords which include COVID, 

Coronavirus, Lockdown, Pandemic, etc. The overall flow diagram of the work is presented 

in Figure 2.  

 

Figure 2. Overall Flow Diagram of the Work 
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It is worth mentioning that the procedure to search tweets was not a one-off exercise, 

network breaks and server timing out led to us having to run the process several times, 

creating 66 files, which summed up to 826,412 records. We eliminated duplicated ones, and 

the final number of retained tweets was 619,203 unique tweets. All the collected data are 

multilingual since we did not enforce any form of language restriction. Each location's data 

were collected by querying each location's center and providing its geo coordinates with 

the radius being set to 100km for each of the geo-coordinates queried. There are countries 

where we had to query twice based on the few tweets retrieved at the initial trial. Table 2 

provides details of the geo-coordinates queried for each country and the number of tweets 

retrieved. 

Table 2. Number of data retrieved from each country 

Country 
Geo Coordinates 

(Latitude, Longitude) 

Total number of 

tweets retrieved 

Distinct tweets by 

user ID 

Nigeria 9.064331,7.489297 361,368 231,719 

South Africa -29.116395, 26.215496 170,561 169,509 

Algeria 
34.671359, 3.254037 

119,889 106,105 
27.194077, 2.481557 

Egypt 26.547748, 31.699264 109,396 101,940 

Sudan 
15.644554, 32.477731 

65,198 9,930 
15.624521, 32.58819 

 

5. Application and Limitation of the Data 

The frequency of daily tweets retrieved per country is shown in Figure 3. It can be seen that 

fewer daily tweets about COVID-19 pandemic were received in all the countries in March 

while the number increased in April but decreased in May through to July. However, more 

tweets were recorded in August in Nigeria and South Africa, but Sudan maintains very low 

daily tweets throughout the period.   

 

Figure 3. Frequency of tweets per country 
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Figure 4 shows that COVID-19 and lockdown were the most frequently used words tweeted 

across the countries during COVID-19 pandemic. 

 

Figure 4. Most common words used during COVID-19 by countries 

 

The sentiment expressed by residents of the five (5) countries were analyzed to uncover the 

active feedback of the people according to [4]. The sentiment analysis was performed using 

Valence Aware Dictionary for sEntiment Reasoning (VADER), a lexicon and rule-based 

sentiment analysis that is designed to detect sentiments expressed on social media [5], and 

the methodology of  Elbagir and Yang [6] which is a more dynamic sentiment classification 

above the regular binary oriented classification of sentiments scores expressed into 5 groups 

of Neutral, Positive, Highly Positive, Negative and Highly Negative based on the sentiment 

intensity. 

 

Figure 5: Sentiment classification of the overall tweets 
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The sentiment analysis of the entire tweets across the six countries is shown in Figure 5, 

and its distribution is as follows: Highly Positive (26,007; 4.4%), Positive (185,799; 

31.7%), Neutral (254,033; 43.3%), Negative (108,939; 18.6%), and Highly Negative 

(11,954; 2%). The distribution of sentiment across the tweets per county is shown in Figure 

6. In Nigerian based tweets, the most dominant sentiment is Positive (85,472; 38.1%). In 

South Africa, the most dominant sentiment is Neutral (58,645; 36.2%). In Algeria, the most 

dominant sentiment is Neutral (67,673; 67.9%). Egypt also had its most prevalent sentiment 

Neutral (51,664, 56.7%) while Sudan equally had Neutral as its most predominant 

sentiment (3,751; 39.3%). 

 

Figure 6: Sentiment classification of tweets by country 

 

Figure 7 also reveals a similar pattern across the entire dataset regarding the dominant 

sentiment expressed each month being Neutral. Since Africa has 11 cases within February 

to March 4, 2020 [7], we have fewer tweets and sentiment about COVID-19 in February. 

 

Figure 7: Sentiment classification of tweets by month 
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6. Project Implementation 

Python and R programming languages were used for the analysis of the text data. Packages 

such as dplyr and ggplot2 for data analysis and visualization [8, 9] and tidytext for text 

mining [10] were used in R while Pandas and vaderSentiment were used in Python for data 

analysis and sentiment analysis respectively. The project scripts have been uploaded into a 

GitHub repository which can be accessed via http://bit.ly/COVID-19-tweets-github-repo. 
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