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ABSTRACT 

The battle with malaria especially in the African continent still exists and has been taking the lives 

of many in the area, so there is a need to keep fighting the battle, monitor progress and challenges. 

One way is the usage of social media particularly twitter as a tool to fight malaria. Research has 

been done on malaria twitter data to classify tweets as malaria and non-malaria cases using support 

vector machine (SVM) which is used in the predictions of future tweets to avoid outbreaks. Malaria 

twitter data has also been used to find trends and patterns on public opinions regarding malaria 

topics which is used by health sectors in managing funds allocation and making informed 

decisions. The objective of this study is to tap into Nigerian Malaria twitter data to understand 

public opinions of tweets relating to malaria, gain insight into the data to find trends and patterns 

and compare results with WHO battle against malaria. We describe a combine approach of 

sentiment analysis, word cloud and topic modelling using LDA. The sentiment analysis is for 

assessing public opinion about malaria in Nigeria. Word cloud for data visualization and LDA to 

find hidden topics which is compared to WHO fight against malaria. Despite the small size of the 

data set, the word cloud visualized topics with the highest frequency and this could be labelled as 

topics creating awareness on malaria, malaria treatment, testing before treating malaria and the 

goal of having a malaria free Nigeria. The LDA result correlated well with WHO’s battle against 

malaria and issues the battle is still facing like adverse effect of malaria on pregnant women and 

young children under age 5. The sentiment analysis provided us sentiment and public opinion of 

tweets with 42.6% positive, 15.6% negative and 41.8% neutral. 
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CHAPTER ONE 

1.0 Introduction 

With the rise of the internet and so many internet users worldwide, a large bank of data exists and 

keeps increasing exponentially, this has given humans the power to convert this huge amount of 

data into information that can be used to make decisions. Data itself does not make any meaning 

until it has been converted to information. The idea of data mining helps collect data, preprocess 

that data by cleaning it and gaining insights into such data to find information. One particularly 

good source of data is Twitter data which comes in the form of tweets. The twitter API can be used 

to gather tweets using various forms like searching using keywords, accounts or topics. This has 

made gathering electronic data easier. Twitter has been used as a good source of data for much 

research ranging from public health, elections, feedback and so much more. machine learning 

algorithms like supervised and unsupervised learning algorithms have been used for prediction, 

clustering and many more on this data. This shows the usefulness of twitter as a good source of 

data. Malaria is a disease that has killed and is still killing people, especially in Africa. Nigeria has 

a remarkably high cases of malaria which is caused by mosquito. This brought our attention to 

gathering data related to malaria in Nigeria, performing sentiment analysis, LDA and word cloud 

on this data to find insights, trends and patterns and compare the result with WHO fight against 

malaria. This will help enlighten the public on how to care and prevent this deadly disease 

disturbing the African continent 

1.1 Problem Statement 

The availability of huge amounts of data has given us the opportunity to extract information and 

gain insight into such huge data. Nigeria and other African continents suffer from malaria. 

Although effective malaria drugs are available and are effective in working. There is a need to 

derive measures of preventing malaria to reduce the mortality rate caused by malaria. 

1.2 Aim and Objectives 

The aim of this work is to prevent malaria using twitter as a social media platform. This work 

focuses on Nigeria which still battles with malaria. The following objectives shall be achieved. 

• Performing sentiment analysis 

• Performing a Latent Dirichlet Allocation (LDA) 
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• Interpreting the results from word cloud, sentiment analysis and LDA and comparing them 

with reports on malaria by WHO. 

1.3 Research questions 

1. What insight can be obtained from twitter data regarding malaria in Nigeria? 

2. What topics or trends can be obtained from the twitter data set? 

3. What correlation can be obtained from twitter data and reports by WHO. 

1.4 Significance of the study 

This research work will benefit the world especially Nigeria’s health sector in the fight against 

malaria. The support offered by the WHO and other bodies in terms of campaign awareness, cure 

and prevention would be measured to see how social media is being used to assist in this fight. 

Furthermore, the power of twitter in disseminating information shall be explored. 

1.5 Definition of terms 

Twitter API: API stands for application programming interface. The Twitter API provides the 

tools you need to contribute to, engage with, and analyze the conversation happening on Twitter. 

Data: is information that is stored which can be text, images, videos, audio clips and much more. 

WHO: WHO is the United Nations agency that connects nations, partners and people to promote 

health, keep the world safe and serve the vulnerable – so everyone, everywhere can attain the 

highest level of health. 

LDA: LDA stands for Latent Dirichlet Allocation is a generative statistical model that allows sets 

of observations to be explained by unobserved groups that explain why some parts of the data are 

similar. 

CDC: Stands for the Centers for Disease Control and Prevention. The United States Centers for 

Disease Control and Prevention is the national public health agency of the United States. It is a 

United States federal agency, under the Department of Health and Human Services, and is 

headquartered in Atlanta, Georgia. 

SVM: stands for support vector machine. SVM is a supervised learning models with associated 

learning algorithms that analyze data for classification and regression analysis. 
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HIV:  Human immunodeficiency virus (HIV) is a sexually transmitted infection (STI). It can also 

be spread by contact with infected blood or from mother to child during pregnancy, childbirth, or 

breast-feeding. Without medication, it may take years before HIV weakens your immune system 

to the point that you have AIDS. 

AIDS: Acquired immunodeficiency syndrome (AIDS) is a chronic, potentially life-threatening 

condition caused by the human immunodeficiency virus (HIV). By damaging your immune 

system, HIV interferes with your body's ability to fight infection and disease. 

COVID-19: Coronavirus disease 2019 is a contagious disease caused by severe acute respiratory 

syndrome coronavirus 2 (SARS-CoV-2).  The first known case was identified in Wuhan, china in 

December 2019. in December 2019. The disease has since spread worldwide, leading to an 

ongoing pandemic. 

NLTK: Natural Language Toolkit is an open-source collection of libraries, programs, and 

education resources for building NLP programs. 

Gensim: This is a free open-source Python library for representing documents as semantic vectors, 

as efficiently (computer-wise) and painlessly (human-wise) as possible. 

1.6 The scope 

This research focuses solely on leveraging tweets from twitter related to malaria in Nigeria. It takes 

advantage of Nigeria’s tweets to find insights to help in the fight against malaria. This work can 

be used to checkmate the support offered by international bodies in combating malaria and its 

deadly cause.  
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CHAPTER TWO 

Literature review 

2.0 Introduction 

This chapter presents the literature review which is important in finding what has been 

done and what needs to be done. According to Parajuli (2020), reviewing the literature is one of 

the most important steps of a research. The author further listed identifying the problem of 

choosing subject, formulating the objectives, formulating the hypothesis, generalizing and writing 

report as other steps of a research. Hart (2018), also mentioned the importance of literature review 

in which he stressed its significance in understanding a topic, knowing what has been done and 

how it was done. He also mentioned identifying issues that need to be addressed as an importance. 

2.1 Malaria 

Malaria is a common and popular disease known worldwide especially in Africa where it is still 

existing despite measures put in place to tackle it. The Centers for Disease Control and Prevention 

(CDC, 2021) defines: 

“Malaria is a serious and sometimes fatal disease caused by a parasite that commonly 

infects a certain type of mosquito which feeds on humans. People who get malaria are 

typically very sick with high fevers, shaking chills, and flu-like illness.” 

According to the World health organization (WHO), 229 million malaria cases were estimated in 

2019 globally. Amongst this, 215 million estimated cases were from the World Health 

Organization (WHO) African region. Additionally, Nigeria holds the highest percentage with 27% 

out of the 95% in twenty-nine countries as accounted.  

Kwenti (2018), describes Malaria and HIV as two of the world’s most deadly diseases which are 

widespread, he added that they are prevalent in sub-Saharan Africa. Although the covid-19 

pandemic has affected the world globally, Nghochuzie et al., (2020), advised on a collaborative 

efforts to monitor both covid-19 and malaria. The author further advised performing malaria 

diagnosis and covid-19 screening and testing to avoid misdiagnosis and achieve ease of 

management. He also stressed favoring covid-19 at the expense of malaria could be detrimental 

for global health. 

https://www.sciencedirect.com/science/article/pii/S1201971220306871#bbib0070
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Talapko et al. (2019) did a research on malaria: the past and the present and described malaria as 

a disease transmitted to humans through the bit of a female mosquito, the disease is serious and is 

known to be a leading cause of death around the world. The author added malaria is the most 

prevalent disease in Africa and some Asian countries. This shows malaria has caused a lot of death 

and Africa has a major share of mortality rate as a result of malaria disease. Furthermore, the author 

listed the global malaria control program by the WHO as consisting of focus on primary health 

care, early diagnosis of disease, timely treatment and prevention of disease. This shows the fight 

against malaria by the WHO is indeed a big battle. 

2.2 Twitter  

Murthy (2013, pp. 1–3) explained twitter as a microblogging technology particularly created 

to publicize short messages to a large audience.  This audience can extend beyond a user’s direct 

social network. The author stressed the usage of twitter in improving awareness and its power of 

broadcasting to a large audience. The beauty of this is that both friends and non-friends can see it. 

Dewing (2012) describe the term “social media” as services used for online exchanges which are 

mobile, and internet based. The author further mentioned twitter as both a social network site and 

a service for status update. Additionally, reaching out to a large audience by companies, 

organization and governments is possible through social media. 

Jordan et al. (2019) in a paper titled “Using Twitter for Public Health Surveillance from Monitoring 

and Prediction to Public Response “stated, due to its wide reach, social media platform, Twitter, 

has proven to be a key source of health-related information shared by citizens and organizations, 

thereby providing researchers with a real-time source of public health data on a global scale and 

becoming valuable in public health research. While there are challenges such as lack of standard 

methods of determining accuracy of extracted data and levels of expert research in the field, there 

are strong potentialities of social media as an untapped source of data and many great opportunities 

for improvement of different aspects of public health. The author concluded that the research 

provided a basis for improving machine learning algorithms especially in exploiting the big data 

of social media to help improve public health. 
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2.3 Data mining 

With the increase in number of internet users and internet usage, so much data is being generated, 

such data when put into good use can help a lot in decision making. There is need to mine such 

data to find insights into what information can be obtained. Han et al. (2011, pp. 13–14) views 

data mining as a process in which interesting patterns and knowledge can be obtained or discovered 

from large amounts of data. He added sources of this data can be from data warehouses, the web, 

other information repositories or dynamically streamed data. 

Data mining cuts across many fields as the Figure 2.1 shows. 

 

Figure 2.1 Source: Jiawei Han and Micheline Kamber (2011), Data Mining: Concepts and Techniques, Third 

Edition, Elsevier 22 

Han et al. (2000) agrees with Figure 2.1 as he pointed out that data mining is an interdisciplinary 

subject that draws ideas from statistics, machine learning, pattern recognition, database technology 

and other disciplines. The author also introduced data mining as the process of looking for 

fascinating information from a large database.   
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2.3.1 Text mining 

Kwartler (2017, pp, 1-3), while acknowledging many technical definitions of text mining defines 

“text mining is the process of distilling actionable insight from text”, this definition was based on 

the primary goal of text mining in the extraction of useful output such as visualization or structured 

table of outputs. The author identified some benefits of text mining in which based on all relevant 

information, it provides novel insights or strengthens existing perception. Additionally, extraction 

of information requires little to no sampling. 

Aggarwal and Zhai (2012, pp. 1–3), describes the goal of information access as “connecting the 

right information with the right users at the right time with less emphasis on processing or 

transformation of text information.”, the author further described text mining as an extension of 

information access to assist users perform analysis to understand and help in decision making. 

Han et al. (2011, pp. 13–14) provided an example of text mining usage in which hot topics in 

literature on data mining from the past ten years can be identified. He also provided another 

example of mining user comment on products to determine how customers feel about the products. 

Sentiment analysis is used for this purpose. 

2.4 Word Cloud 

Heimerl et al. (2014), describe a word cloud as a visually appealing text method for visualization. 

The author further mentioned its usage in displaying words with the highest frequency in many 

contexts. The author also referred word cloud as tag cloud and explained its use in showcasing 

words that occur most often within a text. 

Yuping (2019), stated in a paper titled “development of a word cloud software based on python” 

that a word cloud is a type of list that is weighted to visualize data in form of text and has gained 

noticeable attention and application on big data. The author notified that current word clouds were 

available online for users in English but do not support non-English characters. So, the author 

developed a word cloud that supported multi language environments so it can be used for wider 

applications especially in solving big text data problems. 
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2.5 Sentiment analysis 

Taboada et al. (2011), describes sentiment analysis as a technique that can be used in drawing out 

subjectivity and polarity from text. Sentiment analysis is performed to find opinions. The technique 

can be applied to many text data to find opinions of people. 

Hasan et al. (2018) did a research on machine learning based sentiment analysis for twitter 

accounts in which he used a hybrid approach involving a sentiment analyzer that included machine 

learning. The author mentioned the progress made in opinion mining and sentiment analysis as 

rapid. The hybrid approach described by the author was due to a dire need for a more advanced 

approach to performing sentiment analysis or opinion mining. Additionally, a comparison between 

Naïve Bayes and support vector machine (SVM) supervised machine learning algorithms was 

performed. 

Nirmala et al.(2015), performed sentiment analysis using tweeter data related to unemployment. 

To reduce the challenge associated with manually labeling or annotating tweets, the author 

automated the labels by scoring tweets based on dictionaries of positive and negative terms. For 

this method, score less than 0 indicated an overall positive opinion for the tweets, score greater 

than 0 indicated an overall negative opinion of the tweet and neutral was a score equal to 0. 

2.6 Topic Modelling 

A topic modelling is a process of discovering abstract topics that occur in a collection of 

documents. It is used in machine learning and natural language processing.  It helps us extract or 

uncover hidden/latent topics in a dataset. Some of the topic models in existence are: 

i. Latent Semantic Analysis (LSA) 

ii. Probabilistic Latent Semantic Analysis (PLSA) 

iii. Latent Dirichlet Allocation (LDA) 

iv. Correlated Topic Model (CTM) 

v. Explicit semantic analysis 

vi. Hierarchical Dirichlet process 

This study makes use of latent Dirichlet Allocation (LDA) which is one of the most used topic 

models. 

https://en.wikipedia.org/wiki/Explicit_semantic_analysis
https://en.wikipedia.org/wiki/Hierarchical_Dirichlet_process
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Silge and Robinson (2017), explained topic modelling as a technique that can be used for 

classification of documents which follows the principle of unsupervised learning. Like clustering 

of numeric data, it helps us find natural groups of items even when we are not sure of what to 

expect. It can be used to divide blog post or news articles into natural groups so we can understand 

them separately. 

Martin and Johnson (2015) described topic modelling as one of the ways in which themes from 

large documents collection can be observed. The author added topic modelling sees documents as 

a collection of multiple latent topics. The study made a comparison between three topic models in 

which the first was obtained using raw news corpus, the second using lemmatized version of the 

news corpus and the third from the lemmatized news corpus reduced to nouns only. The study 

found elimination of all words except nouns improved topics’ semantic coherence. 

2.7 Latent Dirichlet Allocation (LDA) 

LDA means Latent Dirichlet Allocation and was developed by David Blei, Andrew Ng, and 

Michael Jordan in 2003. LDA is a type of topic model and Blei et al. (2003) described LDA as  

“a generative probabilistic model for collections of discrete data such as text corpora. LDA 

is a three-level hierarchical Bayesian model, in which each item of a collection is modeled 

as a finite mixture over an underlying set of topics. Each topic is, in turn, modeled as an 

infinite mixture over an underlying set of topic probabilities. In the context of text 

modeling, the topic probabilities provide an explicit representation of a document.” 

Jelodar et al. (2019), described LDA as a method for topic modelling and one of the most popular 

in that field. The author mentioned that various models based on LDA exist and further made a 

research on LDA to discover recent developments, trends, and intellectual structure of topic 

modelling. The investigation covered articles between 2003 to 2016. 

Silge and Robinson (2017), describes LDA as one of the most common and popular methods for 

topic modelling which is based on unsupervised learning and is similar to clustering of numeric 

data. The author further described it as guided by two principles, namely: 

1. Every document is a mixture of topics 

The author explains each document may consist of words from several topics having a 

specific proportion. Using a two-topic model as an example, document 1 is 90% topic A 

and 10% topic B, while document 2 is 30% topic A and 70% topic B. 
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2. Every topic is a mixture of words 

The author explains this principle by giving an example of a two-topic model of American 

news, one topic for “politics” and the other for “entertainment”. Politic may have most 

common words to be “president”. “congress” and “government” while entertainment may 

have most common topics to be “movies”, “television” and “actors”. The author further 

stated essentially that the possibility of words to be shared between topics is possible. 

2.7.1 Notations used in describing LDA 

To have proper understanding of LDA, certain concept of words needs to be defined. Blei et al. 

(2003) provided definitions on some important terms used in LDA. 

Word: considered as a basic unit of discrete data, a word is an item from a vocabulary indexed by 

{1,…,V}. its representation utilizes unit-basis vectors that have a single component equal to one 

and all other components equal to zero. 

Document: A document represents a chain of N words defined by w=(w1,w2,…,wN), where wn is 

the nth word in the chain. 

Corpus: A corpus (plural: corpora) is defined as a collection of M documents denoted by 

D={w1,w2,…,wM}. 

How LDA Works  

Blei et al. (2003) described LDA as a generative probabilistic model of a corpus where documents 

are random mixture over hidden topics. These hidden topics are also referred to as latent topics 

and each topic is presented by a distribution over words. An assumption based on the idea of 

generative process for each document w in a corpus D is given: 

1. Choose N ~ Poisson(ξ). 

2. Choose θ ~ Dir(α). 

3. For each of the N words 𝑤𝑛: 

a. Choose a topic 𝑧𝑛 ~ Multinomial(θ). 

b. Choose a word 𝑤𝑛 from 𝑝(𝑤𝑛 |𝑧𝑛, 𝛽) a multinomial probability conditioned on the 

topic 𝑧𝑛. 

Hence, Given the parameters α and β, the joint distribution of a topic mixture θ, a set of N topics 

z, and a set of N words w is given by: 



11 
 

𝑝(𝜃, 𝑧, 𝑤|𝛼, 𝛽)  =  𝑝(𝜃|𝛼) ∏ 𝑝(𝑧𝑛|𝜃)𝑝(𝑤𝑛|𝑧𝑛, 𝛽)

𝑁

𝑛=1

 

2.8 Related Works 

Maurice et al. (2019, p. 591), used malaria twitter data and precipitation as a method for 

monitoring and reporting malaria instances. The author made use of Support vector machine 

(SVM) classifier to classify Nigeria twitter messages into malaria case related and non-malaria 

case related tweets. A high correlation between the malaria related case and average precipitation 

in Nigeria was obtained. The author highlighted the use of twitter in monitoring and reporting 

malaria instances directly and predicting malaria outbreak in Nigeria and places where malaria is 

endemic.  This shows the importance of using twitter data in the health sector.  

Boit and El-Gayar (2020), used a text mining approach on twitter social media to mine malaria 

topics. This study was done using the crimson social media analytics software to examine public 

discourse, trends and emergent themes related to malaria discussion. The author highlighted the 

importance of the study in understanding patters and trends of public opinion regarding malaria. 

The author also provided examples of how the insight can assist in making informed decisions 

such as health cost reduction by effective drug development, acting in advance on allocation of 

resources and well-timed distribution of kits in affected areas and improving public health 

management overall. 

Dewi et al. (2020), used sentiment analysis to predict the success of social distancing made by the 

government of Indonesia to its people. This was in relation to the COVID-19 pandemic. The 

hashtag used was (#dirumahaja) which means “stay at home”. This study made use of Naïve Bayes 

and Random forest models and concluded that highest accuracy of classification was obtained 

using Random Forest algorithm compared to Naïve Bayes with a yield of 95.98%. The study 

further found out that positive sentiments were greater than negative which means the people of 

Indonesia agree to social distancing program made by the Indonesian government. 

Nkiruka et al. (2021), did a study on malaria epidemic prediction systems built to reduce the 

increase in disease outbreak in some African countries and discovered the need to have better 

models. Such models should have improved prediction capability based on non –seasonal 

variations in climatic conditions. Factors that contributed to malaria outbreak such as precipitation, 
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temperature and surface radiation was considered for this study. The author concluded that the 

improved system outperformed other classification modes and further stated that the model serves 

as an early detection mechanism in monitoring the spread of malaria.  

Hasan et al. (2018), did a study on tweets relating to Indonesian presidential elections in which the 

author used a combined approach of sentiment analysis and machine learning. The author made 

use of two supervised machine learning algorithms namely, Naïve Bayes and support vector 

machine (SVM) and made a comparison between the two. This shows tweets can be used for many 

research purposes including election predictions and more. 

2.9 Research Gap 

Research has been done in topic modelling and sentiment analysis using twitter malaria data in the 

past. Techniques such as support vector machine, naïve Bayes classifiers has been used and 

compared on such data. Also, topic modelling has been used to find topical themes on such data, 

but none has used twitter malaria data to find topical themes and correlated it with WHO mission 

to fight malaria. 

2.10 Significance of the Study  

This study will help to find ways of preventing malaria via social media by finding public opinions 

of tweets and using those tweets on a Latent Dirichlet Allocation (LDA) to find topics or themes 

and correlating it with WHO battle against malaria.  
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CHAPTER THREE 

3.0 Introduction 

This chapter introduces the methods and methodology used in carrying out the main work of the 

project. The main source of data comes from twitter which is collected and saved as a. JSON 

extension file. This data must undergo some data pre-processing using some data mining 

techniques. Python programming language is used for the implementation of this work. The 

proposed model of the study is depicted in Figure 3.1 

A sentiment analysis is carried out on the data and visualizations using scatter plots and bar graphs 

is used. Also, Latent Dirichlet Allocation (LDA) is used to cluster the topics. A word cloud is 

generated to visualize the topics from the LDA.  

3.1 Proposed model  

 

Figure 3.1 Proposed model for the research work 

Data 
collection(tweets)

Data 
preprocessing

Sentiment 
analysis and 
visualization

Unsupervised 
learning (using 

LDA)

Topics generation
Comparing topics 
with WHO fight 
against malaria
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3.1.1 Data collection  

The data to be used for this experiment is sourced from twitter using the twitter API tools. This 

data is searched using the keyword “malaria Nigeria” from 2017 to 2021. This data is saved in a 

.JSON file and has seven columns and the number of rows is equal to the number of tweets 

searched during data collection. Tweet_text column is being considered for the purpose of this 

research. 

 

Figure 3.21 Sample of the data set 

3.1.2 Data Pre-processing 

The data collected needs to be cleaned in order to process it and get accurate results. Data cleaning 

is especially important in text mining. Before data cleaning is performed, the tweet column is 

selected for the purpose of the analysis to be performed.  

3.1.3 Data Cleaning 

The following processes are used in cleaning the tweet data. 

• Tweeter data (in a .csv file) is loaded into a data frame using pandas. 

• A specific column “tweet_text” from the loaded data frame is loaded into a new data frame. 
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• A function is created in python to clean the text. It performs the function of removing 

retweets (RT), hashtags (#), “@” symbol and hyperlinks (https). 

• The data frame is converted into lower case. 

• Special characters are also removed. 

• Stop words such as “this” “at” “your” are also removed. 

 

Figure 3.32 Sample screenshot of the cleaned and processed tweets 

3.2 Word cloud 

A word cloud is generated using the cleaned and processed data set. The word cloud for five years 

ranging from 2017 to 2021 was generated for the purpose of gaining insights into the data. The 

word cloud is displayed in Figure 4.1. 

3.3 Sentiment Analysis 

Sentiment analysis is carried out on the clean and processed data set. The result is displayed using 

the bar graph and scatter plot. The percentage of positive, neutral, and negative tweet’s result is 

also obtained. The sentiment analysis model implemented followed the method used by  Nirmala 

et al.(2015), which used automated labels by scoring sentiment of tweets based on dictionaries of 

positive, negative and neutral terms. This idea was to reduce challenges of manual label 

classification which is time consuming. For this method,  
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score < 0 indicated an overall positive opinion for the tweets 

score > 0 indicated an overall negative opinion of the tweet 

score = 0 indicated an overall neutral opinion of tweet. 

3.3.1 Subjectivity, polarity, and Analysis 

Sentiment analysis shows opinion of users via their tweets. the polarity ranges from [-1,1] with 

positive tweet being 1 and negative tweet being -1. The subjectivity refers to opinion and it lies 

between [0,1]. 

 

Figure 3.43 Tweets with their subjectivity, polarity and analysis 

3.4 Latent Dirichlet Allocation (LDA) implementation 

A detailed description of LDA is given in Section 2.7. LDA is one of the most common topic 

models and is used for this work. Gensim in Python programming language is used to implement 

the LDA algorithm. The following processes are used to generate the topics. 

3.4.1 Lemmatization 

Lemmatization is the process of deriving the root of words by removing prefixes and suffixes. We 

used the lemmatization module in Python’s NLTK library to perform lemmatization on our data. 

3.4.2 Tokenization 

This is the process of breaking down our data into single words. “  “ is used as the delimiter for 

tokenization. 

 

Figure 3.54 Sample tweet before tokenization 
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Figure 3.65 Sample Tweet after Tokenization 

3.4.3 Dictionary generation  

A dictionary is generated which helps us find the list of unique words in our corpus. This is needed 

to be fed into our topic model after lemmatization and tokenization of our processed data. The 

python Gensim library has a dictionary module that generate the dictionary of our corpus.  

3.4.4. Document term matrix (DTM) 

Using our dictionary, we create a document term matrix which will be passed to the LDA model 

to build the model. The document term matrix is mathematical matrix used to describe the 

frequency of terms that occur in a collection of documents. In a DTM, columns correspond to 

terms (words) while rows correspond to documents. This is generated based on the dimension of 

the document. DTM is passed to the LDA to create the LDA model. Parameters passed to the 

model include, the corpus, which is the same as our DTM, the dictionary, number of topics, random 

state, chunk size, number of passes, and number of iterations respectively. 

3.4.5 LDA Topics 

LDA was performed using 5 topics. This enabled generation of 5 topics. Some of the topics 

overlapped while some had no intersection at all. The result of all five topics was diagrammatically 

presented in Figure 4.9 

3.4.6 Visualization of the LDA 

The LDA generated five topics and inter-topic distance map (multidimensional scaling) was used 

to represent each topic with a circle. An intersection of two or more circles shows topics having 

something in common. The five topics are presented in Figure 4.10 to Figure 4.14. 
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CHAPTER FOUR 

Result and discussion 

4.0 Introduction  

This chapter discusses the results obtained from tweets retrieved from 2017 to 2021. Result of the 

word cloud from the 5 years will be discussed. The results from the sentiment analysis from the 

five years is also discussed. The topics generated using LDA shall also be discussed, and topics 

obtained analyzed.  This will be used to make a comparison with WHO works. 

4.1 Word Cloud 

The word cloud shows the frequency of occurrence of words or topics. The result of the word 

cloud generated on malaria tweets gives us some information. The word cloud as depicted in fig 

4.1 shows the most frequently mentioned topics as “Malaria Drugs”,” Malaria Free”,” Free 

Malaria”, “anti malaria”, “Malaria Prevention”, “Signs”, “Test before treating Malaria”, “World 

Malaria Day”, “Malaria typhoid”,” visitors high”, “Malaria care”, and more.  

  

Figure 4.1 Word cloud generated from the cleaned and processed data 
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4.2 Sentiment Analysis 

 

Figure 4.2 Tweets with their subjectivity, polarity and analysis 

4.3 Visualization of sentiment analysis result 

 

Figure 4.3 Scatter Plot showing the Polarity and Subjectivity of Tweets 
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4.4 Percentage of tweets (positive, negative and neutral) 

 

Figure 4.4Percentage of Positive Tweets 

 

Figure 4.5 Percentage of Negative Tweets 

 

Figure 4.6 Percentage of Neutral Tweets 
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4.5 Bar Graph of sentiment analysis 

 

Figure 4.7 Bar Graph for the Positive, Neutral and Negative Tweets 

4.6 Latent Dirichlet Allocation 

The LDA generated five topics as indicated by the circles in fig 3.4. The topics are labelled 1-5. 

 

Figure 4.8 Topic generated by the LDA 
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Figure 4.9 Diagrammatic view of the 5 generated topics 
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Figure 4.10 Topic 1 
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Figure 4.11 Topic 2 
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Figure 4.12 Topic 3 
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Figure 4.13 Topic 4 
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Figure 4.14 Topic 5 

4.7 Discussions  

The result from word cloud shows topics with the most frequency. Topics like world malaria day, 

malaria care, signs, and malaria free serve as a way of enlightening people on malaria, creating 

awareness and serve as campaigns on informing the public on better ways to prevent, manage and 

combat malaria. “Malaria free” and “free malaria “conforms to the vision of the current National 

Malaria Strategic Plan 2014-2020 of achieving a malaria-free Nigeria (Nigeria Ministry of Health, 

2014). Topics like malaria drugs and anti-malaria gives insight into treatment of malaria. Topics 
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like test before treating malaria, malaria typhoid shows getting proper test to see if really malaria 

is the cause of sickness or typhoid to avoid blind treatment.   

The result from sentiment analysis shows that 42.6% of the tweets are positive, 15.6% are 

negative and 41.8% are Neutral. This shows positive sentiment is highest among the tweets. This 

is further visualized using the scatter plot and bar graph as depicted in Figure 4.3 and Figure 4.7, 

respectively. The positive tweets indicate the fight against malaria is getting better grounds.it also 

indicates that efforts to combat malaria and malaria drugs are being effective. Awareness regarding 

malaria is also effective. The neutral indicates the tweets are neither positive nor negative. This 

shows neutrality of the tweets such as campaigns on world malaria day, and other awareness 

programs. The negative percentage shows death as regard malaria, sickness and disease mentioned 

in such tweets. overall, we can deduce fight against malaria contributed to the positive tweets 

which means it is being effective.  

The result from LDA generated 5 topics. Topics 1 in Figure 4.10 and topic 2 in Figure 4.11 

intersect which implies they have similar topics in common. Topics 4 in Figure 4.13 and topic 5 

in Figure 4.14 did not intercept but have very related topics in their cluster. Topic 3 in Figure 4.11 

looks like an outlier as it is far from all the 4 topics. Topics 1 and 2 have topic relating to child, 

support, young, pregnant, and mum. This shows malaria is still affecting young children and 

pregnant mothers are also at risk. Both topics conform to the key message of World Malaria 

report,2019 which reported hard strike of malaria against pregnant women and children. 

Furthermore, the report advised countries to prioritize on pregnant women and children. (World 

Malaria report, 2020) 

   “Net” and “drug” are also mentioned which can be attributed to prevention and cure of 

malaria. This correlates to the recommendation of WHO that all children living in malaria-affected 

areas to sleep under ITN. (WHO, 2019) 

Topic 3 generally mentions topics like people, donation, money, treatment, bite, mosquito, 

symptom, drugs, efforts, test and more. This correlates to campaigns on malaria, malaria 

awareness, malaria symptoms, and mosquito as a cause/source. This topic can be labelled as 

“Malaria awareness/campaign. 
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Topic 4 mentions today, message, leaders, poor, continent, health, life, youth, world and 

more. These topics can be labelled as “factors contributing to malaria”. Nigeria health system is 

perturbed by poor leadership and governance. This is more government related. 

Topic 5 mentions typhoid, doctor, money, blood, medical, hospital and more. This can be 

attributed to “treatment or cure for malaria.” 
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CHAPTER FIVE 

Conclusion, recommendation, and future work  

5.0 Conclusion 

with the availability of data comes information which can help in decision making. This available 

data can be used to find insights into what people are saying about a particular topic like malaria.  

This gives people, governments and international bodies fighting or supporting the fight against 

malaria good information on the effectiveness of their campaign awareness, on effect of anti-

malaria drugs used, on the outcomes obtained from using insecticide treated nets and so much 

more. The WHO has a report titled “world malaria report” each year. This research shows a lot of 

correlation with what this international organization is doing on the war against malaria. 

5.1 Recommendation 

Based on the insights found using twitter data, we recommend leveraging twitter for more research 

on other topics such as health, security, sports, agriculture, technology and more. this will help in 

finding insights that can be used in other areas to enable concerned bodies in making better 

decisions.  

5.2 Future work 

Due to time limitation, we were not able to manually label our twitter data and as such our 

sentiment analysis might be prone to errors. Future research can manually annotate the tweets to 

use support vector machine, Naïve Bayes or Random forest classifiers to train and make 

predictions of new malaria tweets. This will give more accurate opinions of the tweets as positive, 

negative, or neutral.  Also, LDA can be used to find topical themes for other years and compare 

with future work of WHO is fighting malaria 
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