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Recently, social media has become one of the major sources of information for different

sectors, including healthcare. During COVID-19, there was a lot of community engage-

ment on social media than traditional physical engagements. Tanzania, in particular,
had a different approach to tackling the COVID-19 pandemic as the country didn’t

really practice lockdown, and very little information was shared by the authorities in

traditional media houses. To understand what really happened during the pandemic,
we tried to investigate social media as people were sharing information rather than the

traditional media houses, and find the correlation with other sources. In this study, we

extracted and analysed four-day periods of Twitter posts of Kinondoni district, Dar
es Salaam, Tanzania. The four days were picked intentionally as it was the time when

Tanzania started approaching the pandemic, as the rest of the world changed its course.
Most of our analysis results significantly correlate with the results reported by the gov-

ernment during the same period, 21st-24th April 2020. We further performed an analysis

of how much the COVID issue was discussed online. As the WHO and many govern-
ments around the world have been providing education to people on how to protect

themselves and slow down the spread, none have had a way to measure how well people

were educated. We analysed 20,421 tweets of Kinondoni district, the most populous dis-
trict in Dar es Salaam, and where many expats live, and found out how well people were

educated about the CORONAVIRUS disease. We further created an Artificial Intelli-

gence algorithm, a Deep learning to be specific, which has been able to classify tweets
into COVID and Non-COVID classes with an accuracy of 93%. Our results mean that

social media data analysis can be used as a tool for topic modelling to detect the most

trending topics like disasters, election events, and epidemics.

Keywords: Social media data, COVID-19, pandemic, Artificial Intelligence, Web scrap-
ing.

1. Introduction

Social media has become one of the major sources of information [1]. It has been

a major source for those seeking information for health-related matters, as study

shows that around 59% of adult Americans have accessed this type of information
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from social media [2], mostly Facebook and Twitter. According to reports, Chinese

social-media platforms WeChat [2] and Weibo [3] saw spikes in the terms ’SARS,’

’coronavirus,’ and ’shortness of breath,’ weeks before the first cases were confirmed.

In this study, we have pulled and analysed four (4) days’ period Twitter posts of Ki-

nondoni district, Dar es Salaam, Tanzania. Most of our analysis results significantly

correlate with the results reported by the government during the same period, 21st-

24th April 2020. We further performed an analysis of how much the COVID issue

was discussed online. As the WHO and many governments around the world have

been providing education to people on how to protect themselves and slow down

the spread, none have had a way to measure how well people were educated. We

analysed 20,421 tweets of Kinondoni district, the most populous district in Dar es

Salaam, and where many expats live, and found out how well people were educated

about the CORONAVIRUS disease. As there is an average of 500 million tweets

per day [4], it is impossible to keep up with the analysis of all the tweets, especially

in an epidemic period where real-time information is of high value. We created an

Artificial Intelligence algorithm, a Deep learning to be specific, which has been able

to classify tweets into COVID and Non-COVID classes with an accuracy of 93%.

Our results mean that social media data analysis can be used as a tool for topic

modelling to detect the most trending topics like disasters, election events, and

epidemics.

Social media has become the main source of news online, with more than 2.4

billion internet users, nearly 64.5 per cent receive breaking news from social media

sites like Facebook, Twitter, YouTube, Snapchat, and Instagram instead of tradi-

tional media. Many people go to traditional media to just verify the news hours

after it has been circulated over social media platforms. According to Forbes on-

line magazine, in a recent survey, 50 per cent of Internet users surveyed said that

they hear about the latest news via social media before ever hearing about it on a

news station. It is estimated that 90.4% of Millennials, 77.5% of Generation X, and

48.2% of Baby Boomers are active social media users. Users spend an average of 3

hours per day on social networks, posting, commenting on different posts on social

media.

Recently, the world has been facing the coronavirus outbreak. Although different

measures have been taken globally to slow down the spread of the virus, including

education on how people can protect themselves, there is no method to measure how

effective these measures have been. Different governments, especially in developing

countries, cannot measure the impact of different efforts to combat the disease or its

impact socially and economically. According to a social media analytics company,

Sprinklr, it counted a record nearly 20 million mentions of coronavirus-related terms

on March 11, with the US alone. This shows how much social media contains

potential data about the outbreak.

This study aimed at extracting and analysing social media data related to coro-

navirus from social media in Tanzania. By analysing the social media data related



Journal of Computational Science & Data Analytics © AASTU Press

Artificial Intelligence and Social Media Data as an Alternative Source of Insights ... 3

to coronavirus, we expected to derive information like, How much the community is

aware of the outbreak, How much people understand about the outbreak, How well

people protect themselves, What are the challenges people face in protecting them-

selves, What are the economic effects of the outbreak, Which regions are more and

which regions are less educated about the outbreak and How much the government

efforts in combating the situation have been effective.

2. Method

This was a pilot project with the aim of seeing and proving a concept of using social

media to gain analytical insights into different issues. With a focus on COVID-19,

we have pulled five days of English Twitter data from the Kinondoni district. Ki-

nondoni is the most populated district among other districts in Dar es Salaam, with

half of the city’s population residing within it. It is also home to high-income sub-

urbs and most English-speaking people, hence becomes a perfect target for pulling

English tweets.

2.1. Data pre-processing and AI model training

We have five days tweeter activities in Kinondoni district from 21st to 24th April,

which resulted in a total of 20422 tweets. These dates were specifically chosen as it

is one of the peak days of COVID-19 cases in Tanzania, as it was announced by the

Ministry of Health of the United Republic of Tanzania. Our dataset contained tweet

posts, replies, retweets, and details like user−id, user−name, source of the tweet,

profile locations, and coordinates were removed for data protection and privacy

issues. Swahili and mix of Swahili and English tweets were removed, remaining

with English only English-only tweets. This decision was driven by the availability

of annotation resources and the absence of COVID-19-specific Swahili NLP tools at

the time. The resulting English corpus formed the basis for all subsequent labelling

and model training.

10,000 tweets were manually labelled in categories like COVID (for tweets re-

lated to COVID-19) and non-COVID (for tweets related to other stuff but not

COVID). The COVID category was further labelled into EDUCATED/Not EDU-

CATED by manually analysing the tweet if the person who tweeted seems to be

educated or not educated with respect to COVID-19. The Not EDUCATED class

contained tweets with misinformation, as we assumed that those posting misinfor-

mation were not well educated about the pandemic. By using these 10,000 tweets,

we trained a deep learning model to automatically classify the remaining 10422

data into the four categories, namely COVID, NON-COVID, EDUCATED, and

NOT EDUCATED. The NOT EDUCATED category also contained tweets with

misinformation on COVID, as we assumed those who posted misinformation were

not well educated about the pandemic, although we should acknowledge that some

information was driven by different motives and not exactly about education.



Journal of Computational Science & Data Analytics © AASTU Press

4 Mzurikwao, D, Kalonga, A, Mayala S, Nyanda, P

Given the scale of the dataset and the practical constraints on annotation

time, a zero-shot classification approach was used to generate an initial seed

set of labels before human verification. Two domain-specific keyword dictionar-

ies were constructed: one for COVID-class tweets (e.g., “coronavirus,” “COVID,”

“quarantine,” “mask,” “pandemic,” “lockdown,” “PCR,” “WHO”) and one for

NOT EDUCATED-class signals (e.g., “fake,” “hoax,” “cure,” “5G,” “conspiracy,”

“bleach,” “microchip”). Tweets were matched against these dictionaries to auto-

assign labels across the four categories COVID, NON-COVID, then the COVID

category data was labelled to EDUCATED, and NOT EDUCATED, producing

an automatically labelled corpus. This labelling process was then reviewed and

corrected by two independent annotators working from a shared codebook, focus-

ing verification effort on ambiguous and borderline cases flagged by the keyword

rules. This combined approach allowed reliable labelling of 10,000 tweets at a scale

that would have been impractical through manual annotation alone. The NOT

EDUCATED category included tweets with misinformation, on the premise that

those posting inaccurate information were unlikely to be well informed about the

pandemic, although we acknowledge that some misinformation may be driven by

deliberate intent rather than lack of education.

The deep learning classifier was built using a hybrid CNN-LSTM architecture,

chosen for its strengths in short-text classification: convolutional layers extract local

n-gram features (e.g., “social distancing,” “wash hands”) while the LSTM layers

capture sequential dependencies across the full tweet. Tweet text was tokenised and

represented using pre-trained GloVe word embeddings (100-dimensional, trained on

Twitter data), which were fine-tuned during training to adapt to the COVID-19

domain. The network consisted of an embedding layer, a 1D convolutional layer

(128 filters, kernel size 3, ReLU activation), a max-pooling layer, a bidirectional

LSTM layer (64 units), and a fully connected softmax output layer with four nodes

corresponding to the four target classes. Dropout (rate = 0.5) was applied after

both the convolutional and LSTM layers to mitigate overfitting.

The 10,000 labelled tweets were split into training (80%), validation (10%), and

test (10%) sets. The model was trained for 20 epochs using the Adam optimiser

(learning rate = 0.001) with categorical cross-entropy loss. Early stopping was ap-

plied based on validation loss to prevent overfitting. The trained model was then

used to classify the remaining 10,422 unlabelled tweets into the four target cate-

gories. Model performance on the held-out test set yielded an overall accuracy of

93%. Per-class precision, recall, and F1-score were computed to account for class im-

balance between the COVID and NON-COVID categories. The NOT EDUCATED

class, being the smallest, was subject to additional scrutiny and results should be

interpreted with this class imbalance in mind.
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3. Results

From the pulled tweets, we analysed to find if COVID-related words were among

the most popular topics on Twitter in five days. It is known that news about

the coronavirus started trending on Chinese social media before it was officially

reported. This analysis aimed at testing whether social media data can be used to

detect an event like epidemics for early intervention.

In Fig. (1), as obtained from the Worldometer [5] From the 21st of April 2020,

the COVID-19 cases were on the rising phase in Tanzania, with a little slowing down

approaching 24th April 2020. Prior to generating the figures below, we performed a

stop words process to remove some common English words like “the”, “is”, “are”,

“it”, “this”, and the like, and retained only topic words. This is a common practice

in natural language processing, as this word always occurs frequently in English

sentences. This trend correlates much with our analysis of tweets extracted on the

same duration as Most of the CORONAVIRUS related words were more common

on the 21st, 22nd, and 23rd, and significantly slowed down on the 24th, as can be

seen in figures 2A, 2B, 2C, 2D, and 2E below. The overall analysis of the top 20

most commonly discussed topics on Twitter in Figure 2F shows that COVID-19-

related words were the most dominant words on Twitter in Kinondoni district. On

April 17th, the president of the United Republic of Tanzania declared three days of

national prayer to help defeat the coronavirus. Both of our pulled tweets from 21st

to 24th were dominated by the word “GOD”, as can be seen in Fig. (2), A-E. Also,

Figure 2E, which plots the overall discussed topics on Twitter, the name “GOD”

still dominated the tweets posted and retweeted.

Fig. 1. COVID-19 cases tracking as per Worldometer tracking
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It should be known that, “umwalimu”, in the official Twitter name of Hon-

ourable Ummy Mwalimu, the Minister of Health, Community Development, Gen-

der, Seniors, and Children in the Government of the United Republic of Tanzania,

and was one of the Key figures in the COVID response in Tanzania.

Knowing how much people discuss a certain topic can be a measure of how

much people care about or are impacted by the particular issue [5]. Fig. (3) below

shows the trend of the percentage of COVID-related tweets against other tweets in

a period of four days, April 21st to 24th, 2020. It can be seen that, although people

continued to tweet about other stuff, COVID-related tweets contributed an average

of approximately 18% to the total daily tweet volume across the four-day period.

The number of retweets and likes COVID-related tweets received further tells the

extent how much COVID occupied online conversations.

Fig. 2. The top 20 most common spoken words on Twitter, 21st-24th April 2020.
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Many news agencies have been employing people to manually track trends of

different topics on social media. As we have pulled more than 20,000 tweets in just 4

days, within one district, this shows humans can’t track the trends. Globally, there

are more than 500 million tweets in a single day [6]. This makes it impossible to

keep track of the activities happening online in real time. To automate this while

keeping up to date with the online data, we have built and trained a deep learning

algorithm that can automatically classify the tweets into four different categories

with an accuracy of 93%. This model was trained with 10,000 tweets out of the

more than 20,000 tweets we collected.

In our analysis of tweets originating within Kinondoni district, we found that

more than 18% were discussing COVID, as shown in Figure 3A. The trending of

COVID-related tweets picked a sharp rise between 22nd to 23rd, April of 2020, as

shown in Figure 3B. This correlates with the graph of Worldometer reporting the

statistics of COVID-19 cases in Tanzania, as shown in Fig. (1) above.

Fig. 3. A: Four days of tweets distribution, B: Four days of trending tweets related to COVID-19,

in Kinondoni district.

As mentioned earlier, each day, there are more than 500 million tweets globally

[7], it worth noticing how many likes and retweets a tweet has received to know

how viral the information in that tweet has spread. According to research published

by Microsoft researchers [8], retweet is one of the most important ways to achieve

value on Twitter and is often poorly used. A total of 10185 were counted on different

tweets posted between 21st to 24th, April 2020 within the Kinondoni district alone.

Out of all likes, 2750 were on COVID-related tweets. In retweets, a total of 26453

tweeters were retweeted, 8143 of them were COVID-related. Figure 4A and 4B show

the distribution of the likes and retweets, respectively. More than a quarter of likes

and retweets were on COVID-related tweets.
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Fig. 4. Likes and retweets distributions.

Unlike other news media, most of the social media posts are not regulated.

This has been leading lot of misinformation. Most of the social media accounts

generating misinformation do not share accurate details about themselves [9], this

makes it harder to really track them down and take action. In addition, although

different governments and other organizations were actively providing education on

how people can protect themselves about CORONAVIRUS in order to slow down

the spread, there is no mechanism to know how well or which parts of the country

were not educated for early interventions. In this regard, we checked how well

people are educated about the coronavirus by performing sentiment analysis on the

posted tweets. We found a relatively higher percentage (12.4%) of all tweets related

to COVID seemed not educated about the pandemic out of all 2413 COVID-related

tweets we pulled, shown in Fig. (5).

Fig. 5. COVID related educational analysis.

4. Discussion

As reported at the beginning of 2020, Active social media users have passed the

3.8 billion mark, with this number increasing by more than 9 percent (321 million

new users) every year [10]. These users produce over 2.5 quintillion bytes of data
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every day [11], leaving digital foot print. Analysis of these data can yield significant

results to understand, analyze, and predict different aspects. Our analysis of Twitter

data from Kinondoni district, Dar es Salaam, correlates strongly with the actual

situation reported during the same period, demonstrating proof of concept that

social media data can serve as a real-time surveillance tool during public health

emergencies. The CNN-LSTM classifier’s ability to perform automated four-class

sentiment analysis at 93% accuracy establishes that this pipeline can scale beyond

manual review, which is critical given the volume of tweets generated globally each

day[10].

The finding that 12.4% of COVID-related tweets in Kinondoni district reflected

poor awareness of the pandemic carries important practical implications. Studies

of COVID-19 misinformation on Twitter have reported that up to 25% of highly

shared tweets in some regions contained misleading health information [12], suggest-

ing our observed proportion, while lower, is not negligible. This sentiment classifi-

cation approach could be operationalised to identify geographic hotspots of misin-

formation and trigger targeted health messaging campaigns. Rather than relying on

broad national communication strategies, health authorities could use real-time so-

cial media monitoring to direct accurate information to specific communities where

the “not educated” signal is elevated. The dominance of the word “GOD” across

all four days linked to the presidential declaration of three days of national prayer

on 17th April 2020 further illustrates how social media captures socio-cultural di-

mensions of pandemic response that are invisible to conventional epidemiological

surveillance.

Future work should extend this framework to Swahili-language tweets, which

would substantially broaden the reach and equity of the surveillance approach.

Expanding geographic scope beyond Kinondoni to include rural districts is essential

for equity-focused applications. Longitudinal studies spanning the full scope of the

pandemic would further enable analysis of how public sentiment and misinformation

evolved over time in relation to government policy shifts, providing evidence to

inform communication strategies in future public health emergencies across sub-

Saharan Africa

5. Conclusion

This study demonstrates that social media data, combined with AI-driven natural

language processing, can serve as a viable complementary source of public health

intelligence during pandemics. In the context of Tanzania’s COVID-19 response

characterised by limited official data transparency and no formal lockdown Twit-

ter data from Kinondoni district yielded insights consistent with independently

reported case trends. The CNN-LSTM classifier achieved 93% accuracy in classify-

ing over 10,000 tweets into COVID-related and awareness categories. Furthermore,

the ability to distinguish educated from non-educated responses form covid related

tweets offers an innovative mechanism for monitoring public health literacy in near
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real-time, which could directly inform communication strategies in future outbreaks.

These findings have direct implications for pandemic preparedness planning across

sub-Saharan Africa, where social media adoption is growing rapidly and traditional

surveillance infrastructure often lags public health need.
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