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ABSTRACT 

During the pandemic era, enormous amounts of data were available to decision-makers. Much 

of the data was generated using algorithms in which people did not want to be held accountable 

for any wrong/false information (misinformation) that was being provided to the public, either 

on internet websites, social media or television and radios. Algorithmic Accountability examines 

the process of assigning responsibility for harm when algorithmic decision-making results in 

discriminatory and inequitable outcomes. Mis-and disinformation about science, technology, and 

health is neither new nor unique to the COVID-19 era. Amid an unprecedented global health 

crisis, many journalists, policy makers, and academics have echoed what World Health 

Organisation has stressed that misinformation about the pandemic presents a serious risk to 

public health and public action. The biggest challenge is that this misinformation or fake news is 

drowning official public health advice on COVID-19, making it extremely problematic for the 

voices of healthcare professionals to be heard; the implications of this may be enormous as it 

may cause the virus and other pandemics to spread more rapidly within diverse populations. The 

purpose of this study was to establish the extent of Misinformation during Infodemics, to address 

the lack of Algorithmic Accountability. A mixed-methods approach was used as the topic required 

a purposeful mixing of methods in data collection, data analysis, and interpretation of the 

evidence. The key word is ‘mixed’; this explains that an essential step in this approach is data 

linkage or integration at appropriate stages in the research process. The researcher used Spyder 

Python for extracting data from the Twitter API and then used Feedly which is a news aggregator 

application for various web browsers and mobile devices running iOS and Android; this procedure 

is also available as a cloud-based service. Python was used to compile news feeds from a variety 

of online sources for the researcher to customize and share with others; after filtering for the 

Covid-19 Tweets there were 21 of 508 records. The analysis suggests that misinformation about 

COVID-19 comes in many different forms, from many different sources, and makes many 

different claims. The process of misinformation often rearranges existing or accurate content 

relatively than formulated on a large scale, and where it is manipulated, it is edited with simple 

tools. Given the breadth of the pandemic, independent media and actions by platforms and 

others played a vital role in addressing virus-related misinformation. Government websites and 

the World Health Organization (WHO) can help sort false from true material, and accurate from 

misleading assertations. With running topic modelling for the data consisting of 21 of 508 tweets, 

topic modelling provided a way to compress the big data qualitative phase of the research. 

 

Key words: Infodemics; Misinformation, Algorithmic Accountability; Sense-making perspective; 

Covid-19 Pandemic; Algorithmic decision-making systems; algorithmic systems, algorithmic 

transparency. 
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 Abbreviations 

AA – Algorithmic Accountability 

AI – Artificial Intelligent   

BDA – Big Data Analytics  

BDA – Big Data Application 

COVID - Coronavirus 

EHR - Electronic Healthcare Records 

NLP – Natural Language Processing 

WHO – World Health Organization.  
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Chapter 1: INTRODUCTION 

1. Introduction 

The focus of this study was to investigate the sense-making perspective of algorithmic 

accountability during infodemics in South Africa.  Detecting the spread of misinformation, such 

as, rumors, hoaxes, fake news, propaganda, spear phishing, and conspiracy theories, is an 

important task for Natural Language Processing (NLP) (Hossain, 2020).  

 

The rationale for this study was to introduce the concept of sense-making from the perspective 

of algorithmic accountability in big data analytics (BDA) and to describe how algorithmic 

accountability may improve the interpretation of information. Chapter one covers - the 

background of the study, statement of research problem, research aim, questions, objectives, 

justification, operational definition of key terms and the entire research structure. 

 

1.1 Background of the Study 

 

Private and public entities around the world, particularly in the healthcare and governance 

sectors, are developing and deploying a range of artificial intelligence (AI) systems in emergency 

response to emergencies like COVID-19. Many of these systems are to trail and anticipate the 

spread of viruses to support medical responses and maintain social control. AI can reduce the 

pressure on devastated healthcare systems and curb the spread of the virus (Genevieve et al., 

2020) 

The algorithms which are driving the systems are man-made creations, and as a result, they are 

subjected to biases that can deepen societal inequalities and pose risks to business and society 

more broadly. Algorithmic accountability is the process of assigning responsibility for harm when 

algorithmic decision-making results in discriminatory and inequitable outcomes (Csir,2020). 

The rapid global spread of COVID-19 was accompanied by what the WHO (2020) described as a 

massive infodemics (Fleming, 2020). According to WHO, the COVID-19 outbreak, and the 

response has been accompanied by a massive infodemics; an overabundance of information – 
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some accurate and some not – that makes it hard for people to find trustworthy sources and 

reliable guidance when they need it. WHO (2020) describes infodemics as a large increase in the 

volume of information associated with a specific topic whose growth can occur exponentially in 

a short period due to a specific incident, such as the COVID-19 pandemic (Saúde,2020).  

Currently, there are few consumers’ or civil rights protections that limit the types of data used to 

build data profiles or that require the auditing of algorithmic decision-making. Even though 

algorithmic systems can make decisions based on protected attributes like race, income, or 

gender, even when those attributes are not referenced explicitly, because there are many 

effective proxies for the same information. This study focused on the sense-making perspective 

on algorithmic accountability during infodemics on the pandemic regarding the misinformation 

and the analyzing of data and suggest ways in which public and private entities in the healthcare 

and governance sectors can help ensure that they develop, manage, and use algorithms equitably 

and responsibly.  

Algorithmic accountability examines the process of assigning responsibility for harm when 

algorithmic decision-making results in discriminatory and inequitable outcomes. Africa was 

besieged with so many misconceptions and/or misinformation about COVID-19 via the media, 

astute politicians, social commentators as well as social media (Frenkel et al., 2020; Russonello, 

2020). 

Mukherjee et al., (2016) defines ‘BDA’ as a strategy used to analyze colossal information sets 

containing assorted qualities of information. Nowadays every organization wants to concentrate 

on extracting key values and information from huge datasets to achieve objectives of 

organization. BDA comprises of tools, algorithms and architecture that analyze and transform 

large and massive volumes of data (Michael et al., 2012). Applications of BDA can - improve public 

and private services in detecting the spreading of diseases earlier, generate new insights into 

disease mechanisms, monitor the quality of the medical and healthcare institutions as well as 

provide better treatment methods (Agarwal et al., 2015). 

 

https://www.frontiersin.org/articles/10.3389/fcomm.2020.00045/full#B5
https://www.frontiersin.org/articles/10.3389/fcomm.2020.00045/full#B16
https://www.frontiersin.org/articles/10.3389/fcomm.2020.00045/full#B16
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1.2 Statement of the Research Problem 

 

The huge demand for information on pandemics, their toll on health-care systems, and the many 

unanswered questions about them created the perfect breeding ground for myths, fake news, 

and conspiracy. Some could be dismissed as ludicrous and largely harmless, but others were life-

threatening (Fleming, 2020). There was too much misinformation that people received daily. In 

a 24-hour period, people could receive different information for one thing which could lead to 

misinformation then to confusion. Mis- and disinformation about science, technology, and health 

was neither new nor unique to COVID-19. Amid any unprecedented global health crisis, many 

journalists, policymakers, and academics echoed what WHO had stressed, that misinformation 

about pandemics presented a serious risk to public health and public action (Brennen et al., 

2020). People were desperate for information on how the coronavirus evolved. Where did it 

come from? Would there be a cure or a vaccine? How could we keep staying safe? Was it here 

to stay forever or would it pass? Would life get back to normal again? There was a lot of 

information as well as misinformation about COVID-19 which made it challenging for ordinary 

people to know the truth. In the era of infodemics, the challenges posed by misinformation are 

complex and multifaceted, impacting various aspects of society, communication, and technology. 

Misinformation can spread rapidly and be amplified through social media platforms, online 

forums, and other digital channels. The viral nature of misinformation can lead to its widespread 

dissemination, making it challenging to control or counteract (Vosoughi.,2018). Misinformation 

often exploits gaps in trust and credibility, particularly in institutions, authorities, and traditional 

media sources. When individuals lack confidence in official sources, they may turn to alternative 

sources of information, including unreliable or misleading sources (Edelman., 2021).  The biggest 

challenge was that misinformation or fake news was drowning official public health advice on 

COVID-19, making it extremely problematic for the voices of healthcare professionals to be 

heard; the implications would have been enormous as the virus was spreading between and 

within diverse populations (Ahinkorah et al., 2020). Many individuals lack the necessary skills and 

knowledge to critically evaluate information sources, assess credibility, and identify 

misinformation. Improving media literacy and digital literacy education is essential for 
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empowering individuals to navigate the information landscape effectively (Hobbs.,2019). 

Algorithms used by social media platforms and other online services can unintentionally amplify 

misinformation by promoting sensational or controversial content. These algorithms may 

prioritize engagement metrics, such as likes, shares, and comments, over the accuracy or 

credibility of the information. In this pandemic, there was a lot of information that was not being 

published or given to the public (Guess.,2019). In algorithms, there was transparency of data, 

which was useful to consider if people were mindful of its bonds and limitations. The objective 

of any transparency policy was to clearly disclose information related to a consequence or 

decision made by the public; whether it was buying a product, making votes, selecting people if 

they qualified or not, or using a particular algorithm, people made more informed decisions. 

(Diakopoulos, 2014).   

1.3    Research Aim 

The aim of this study was to establish the extent of misinformation during infodemics to 

address the lack of algorithmic accountability.  

 

1.4.  Research questions 

1.4.1. What determines the Influence of Algorithmic Accountability on Infodemics?  
 

1.4.2. How does Algorithmic Accountability problematize transparency? 

1.4.3. How can Algorithmic Accountability be realized in practice? 

1.4.4. How can coronavirus and other pandemics’ misinformation best be confronted? 

 

1.5.  Research Objectives  

1.5.1 To Determine the Influence of Algorithmic Accountability on Infodemics 

1.5.2. To examine if Algorithmic Accountability can problematize transparency. 

1.5.3. To examine if Algorithmic accountability can be realized in practice. 
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1.5.4. To propose strategies on how COVID-19 and other pandemics’ misinformation can be 
confronted. 

1.6.  Justification of the research 

 

The COVID-19 infodemics stimulated a rapid global response that was in the early stages of an 

overall process of emergency management. As the situation unravels and new strategies of 

working were tried, lessons were learnt. The initial take-away was that infodemics was 

unprecedented in its magnitude and pace; that swift forms of misinformation were surfacing 

daily and that there was no global consensus on how to classify the types of false information 

being encountered.  

Moreover, there were likely bigger issues surfacing because much of the misinformation being 

spread had not been unreliable health advice but was state-disseminated disinformation 

designed for destabilizing political scenes. With regards to infodemics, governments, academics, 

digital platforms, fact checkers, concerned institutions and the public, crucially demanded a 

shared knowledge of what was meant by the terms ‘disinformation’ and ‘misinformation’. 

Without a scientific understanding of these concepts, there was a danger of significant socialist 

consequences from global health crises, like COVID 19.  

Algorithms operated within the contexts of specific datasets, interfaces, situations, business 

models, and cultural expectations. By focusing uniquely on algorithms as the source of both pros 

and cons in a data-driven world, it was possible that algorithms might have been biased. The 

information-systems research community could have vigorously worked to help avoid this. 

Determining algorithmic accountability had real consequences for understanding and regulating 

who or which entities-controlled flows of information in public and private entities. What would 

governing, policing, or even designing ethical algorithms have looked like? The social, cultural, 

and political impact of an algorithmic solution had consequences that played out far beyond the 

technical innovation behind the restructuring of information. Algorithms broke down 

information into certain constituent parts and reconfigured it into a new production of 

information to achieve specific objectives, which had huge societal benefits. Hence, there was a 
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need to develop quantitative science of such infodemiology to guide any adaptation of policies 

from epidemiology (Johnson et al., 2020). 

1.7.  Operational Definitions 

 

1.8.1 INFODEMICS: Infodemics is defined as an overabundance of information – some accurate 

and some not – that makes it hard for people to find trustworthy sources and reliable guidance 

when they need it.  

1.8.2. MISINFORMATION: Information or a story usually propagated through social media which 

is ultimately established as false or inaccurate. This definition covers different kinds of false 

information classified by their intention or motivation, such as profit, political intervention, 

deliberate deception, and unintentional misrepresentation (Brasoveanu et al., 2020).  

1.8.3 ALGORITHMIC ACCOUNTABILITY:  This refers to the assignment of responsibility for how an 

algorithm is created and its impact on society; if harm occurs, accountable systems include a 

mechanism for redress (Csir, 2020). 

 

1.9 Structure of the Thesis 

 

Chapter One is an introduction that describes all the key elements of the study, such as, the 

background, problem statement, research questions, research objectives, research design, and 

delimitation. The chapter also demonstrates how the research questions drawn from the 

research problem were to be answered by carefully following the research objectives.  

 

Chapter Two discusses algorithmic accountability with reference to the coronavirus pandemic, 

the role of BDA and its impact on the algorithm systems. Based on the factors identified from the 

literature review, a theoretical framework which underpinned the study is presented. The 

framework is crucial for data collection as it clearly indicates what type of data is to be collected 

and from whom. 
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Chapter Three presents the research methodology exploited in this study. In this chapter, is 

outlined the steps and procedures on how data was gathered, hence, it gives the methodological 

approach to the research. 

 

Chapter Four of the study presents the results obtained from the analysis of the collected data. 

This is done by generating the descriptive analysis, correlation, and regression analysis together 

with the Chi-Square test analysis for testing the hypotheses developed. 

 

Chapter Five presents the discussion of the results, by narrating the significance of the results in 

relation to the set hypotheses. This chapter also makes a descriptive comparison of what has 

been obtained from this research in relation to the literature and actual practice. The findings set 

grounds for the research’s recommendations and direction for future studies.  

1.10 Summary 

This chapter gave a brief introduction to this study and provides reasons to justify the study being 

conducted. The benefits of this study were highlighted in this chapter to give the reader a clear 

view of what to expect. This chapter also gave a clear explanation of what to expect from each 

chapter. The next chapter is a literature review of the study. 

 

  



 
 

17 
 

Chapter 2: Literature Review 

This chapter reviews the literature on previously conducted studies based on the sense-making 

perspective of algorithmic accountability during infodemics. The main aim of the present study, therefore, 

was to determine the influence of the algorithmic systems on infodemics in order to build a framework 

that will provide a sense-making perspective, focusing on the misinformation during the coronavirus 

pandemic.  The literature included professional journals, websites, and government documents.  

2.1. Algorithmic Accountability 

 

A systematic review of empirical studies conducted in 'algorithmic accountability' has so far been 

lacking (Wieringa, 2020). Complex algorithms are increasingly responsible for choices, 

operations, and decisions previously left to human actors. Fleming (2020) explores algorithmic 

accountability issues or assigning responsibility for harm when algorithmic decision-making 

results in discriminatory and inequitable outcomes. 

 

Currently, few consumers’ or civil rights’ protections limit the types of data used to build data 

profiles or that require the auditing of algorithmic decision-making, even though the systems can 

make decisions based on protected attributes like, race, income, or gender, even when those 

attributes are not referenced explicitly, because there are many effective proxies for the same 

information. 

Accountability is fundamentally about checks and balances to power. In theory, governments and 

corporations are held accountable through social, economic, and political mechanisms; 

journalism and public advocacy are additional tools to hold powerful institutions and individuals 

accountable. In a world of data and algorithms, however, accountability is often murky. Beyond 

questions about whether the market is sufficient or governmental regulations are necessary 

(Veeder et al., 2017), algorithms can be hugely beneficial in sorting through vast troves of 

information to determine the most useful sort. Automated algorithms can use well-defined steps 

and instructions to generate categories for filtering information based on a combination of either 

motives or the desirable outcomes.  
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In the final combination, the elements of - uncertainty, subjective interpretation, arbitrary 

choice, accidents, and other ingredients in the mix - are rendered invisible, and what is displayed 

to the end-user who interfaces with the algorithm’s product, is just the functionality of the 

technology. For instance, Google, Yahoo, and other search engines can effectively create “filter 

bubbles” for the results people see when they query items, which can be problematic 

(Diakopoulos, 2015). Some information is more visible to one individual versus another, based 

on the user profiles that the search engine has of them, and how its algorithms predict what 

might be most relevant to the users according to their profiles.  

 

Questions that can be asked at this junction are: How might algorithms affect the flow of 

coronavirus data or other types of information? Who or which networks of stakeholders are the 

arbiters of algorithmic power that strongly influence information flows?  

 

The ever-increasing application of algorithms to decision-making in a range of social contexts has 

prompted demands for algorithmic accountability. Accountable decision-makers must provide 

their consumers with justifications for their automated system’s outputs; but what kinds of 

broader principles should we expect such justifications to appeal to? Drawing from political 

philosophy, I present an account of algorithmic accountability in terms of the democratic ideal of 

‘public reason’. I argue that situating demands for algorithmic accountability within this 

justificatory framework enables us to better articulate their purpose and assess the adequacy of 

efforts toward them. 

 Algorithmic technologies are by no means objective, and examples littering the news, show that 

algorithmic technologies are not value-free; they can embed and perpetuate biases. Not knowing 

how inputs lead to outputs is becoming an urgent concern — claiming that “it was the algorithm” 

is unlikely to be accepted as a response to growing calls for accountability when there are 

concerns (Raymond, 2017: 215).  

 

Various local governments and media workers should use public-health experts, especially, those 

from the Centers for Disease Control, to precisely provide relevant and accurate information to 
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avoid fear among the public during pandemics like COVID 19 (Mian et al., 2020). As the use of 

intelligent algorithms and analytics is becoming more involved in how decisions are made in 

private and public life, the societal values of fairness, accountability, and transparency as well as 

the multidimensional value of human well-being are being discussed in the context of addressing 

potential negative and positive impacts of AI (Ashofteh et al., 2020).  

 

2.2. Algorithmic accountability applied in operation. 

In designing and developing algorithmic systems, the private sector plays a vital role because it 

owns large datasets (Mahdi, et al., 2021). Models for understanding and holding systems 

accountable have long rested upon ideals and logic of transparency. Seeing a system is 

sometimes equated with knowing how it works and being able to govern it; this is a pattern that 

recurs in recent work about transparency and computational systems (Ananny, et al., 2018). 

Table 2.1 shows the comparison of algorithmic fair data practices and unfair data practices for 

socio-legal fairness against unfair data practices.  

 Legally fair data practices Legally unfair data practices 

Algorithmically 

fair data practices 

Individuals fully understand 

and accept what data about 

them is being collected and 

how it will be used; the 

collection and usage occur in 

a way ensuring that data is 

not biased (or de-biased) and 

trained algorithms are 

employed in a way ensuring 

algorithmic fairness. 

Individuals do not 

understand or 

do not accept what data 

about them is being collected 

and how it will be used, yet 

the collection and usage 

occur in a way ensuring that 

data is not biased (or de-

biased) and trained 

algorithms deployed in a way 
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ensuring algorithmic 

unfairness 

Algorithmically 

unfair data 

practices 

Individuals fully understand 

and accept what data about 

them is being collected and 

how it will be used; the 

collection and usage occur in 

a way that replicates or 

creates bias, and trained 

algorithms are used in an 

unfair, discriminatory 

manner. 

Individuals do not 

understand or do not accept 

what data about them is 

being collected and how it 

will be used; on top of that 

the collection and usage 

occurs in a way that replicate 

or create bias, and trained 

algorithms are used in an 

unfair, discriminatory 

manner 

Table 2.1: Algorithmic and socio-legal fairness and unfairness data practices (Pałka.,2018).  

As the data used to train consumer-facing algorithms stems from consumer activity online, to 

ensure the overall fairness and transparency of these systems, we need to guarantee socio-legal 

fairness on top of the algorithmic one. These two, although in practice often occur jointly, in 

theory, are independent of one another; machine learning can be deployed to combat socio-legal 

unfairness (Lippi, et al.,2020). 

2.3. Artificial Intelligence Algorithms Accountability 

Research on algorithms and their impact proliferates, and so does calls for accountability of 

algorithms. A systematic review of the work that has been done in the field of ‘algorithmic 

accountability’ has so far been lacking (Wieringa.,2020). Algorithms also govern the operation of 

our internet search engines; they retrieve and prioritize search information and ultimately, 

therefore, what information is available to users and social media. High-frequency trading 
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algorithms run our electronic markets; algorithms inform automated individual credit decisions 

and key health decisions and govern semi-autonomous driving (Pasquale, 2011). AI algorithms 

govern in subtle yet fundamental ways the way we live and are transforming our societies. The 

promise of efficient, low-cost, or ‘neutral’ solutions harnessing the potential of big data has led 

public bodies to adopt algorithmic systems in the provision of public services (Busuioc, 2021). 

Defining algorithmic systems, as noted above, algorithms lily instructions feed to a computer (Fuller., 

2008); these are technical constructs that are simultaneously deeply social and cultural (Nick, 2017). 

Appreciating this ‘entanglement’ of various perspectives and enactments of algorithms, sees algorithms 

not as solely technical objects, but rather as socio-technical systems, which are embedded in culture(s) 

and can be viewed, used, and approached from different perspectives such as legal, technological, 

cultural, and social. This rich set of algorithmic multiples can enhance accountability rather than limit it.  

 

The interdisciplinary systematic literature review presented in the remainder of these discussions, 

bundles knowledge and insight from a broad range of disciplines and appreciates the entanglements and 

multiples that are invariably a characteristic of algorithmic system interaction (Wieringa, 2020). As 

algorithmic systems have become increasingly ubiquitous in the public sector, they raise important 

concerns about meaningful oversight and accountability (Bullock, 2019). AI algorithms govern in more 

subtle yet fundamental ways how to live and are transforming societies. Tremendous technological 

advances brought on by data, computation, and the growing power of machine pattern recognition - 

relying on a range of methods referred to as ‘deep learning’ or ‘neural networks’- have led to the ubiquity 

of AI algorithms in structuring not only technological but also human interactions (Wieringa, 2020).  
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2.4. Algorithmic fairness  

Algorithms are often deployed to correct a source of bias in decisions made by humans, 

however, many algorithmic systems either codify existing sources of bias or introduce new 

ones. Additionally, bias can exist in multiple places within one algorithm (Csir, 2020). The figure 

below represents the combating of fake news during the COVID-19 pandemic. 

 

2.5. Transparency  

 

 

Figure 2.1. Transparency of the algorithmic fairness (Combating fake news during the COVID-19 

pandemic presentation outline, CSIR, 2020) 

 

According to Eprs, et al., (2019) depending on the type and use of an algorithmic decision system, 

the desire for algorithmic transparency may refer to one, or more of the following aspects - code, 
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logic, model, goals decision variables, or some other aspect - that are considered to provide 

insight into the way the algorithm performs. Algorithmic system transparency can be global, 

seeking insight into the system behavior for any kind of input, or local, seeking to explain a 

specific input-output relationship.  

 

Transparency implies the most basic conception of accountability, if individuals cannot know 

what an organization is doing, we cannot hold it accountable, and cannot regulate it; the demand 

for transparency in algorithmic systems goes beyond the simple and assumed sense. Transparent 

algorithmic systems have become so central to our lives and economies, and yet some of them 

use models and algorithms the workings of which are extremely complex for the human mind to 

follow. While the 'black box' metaphor by Pasquale, et al (2015) is clearly indicative of this sense 

of impenetrable mystery of the systems to us, it is important to consider making the box 

transparent, so that we can see the ‘gears’ within; this is truly what is needed to satisfy our 

concerns with these systems.  Irrespective of which aspect of an algorithmic system is in question, 

that is usually not what the calls for transparency really aim at (Ziewitz et al., 2016).  

 

2.5.1. Data- the transparency of the data used by the algorithmic system - in particular by 

machine learning and deep learning algorithms refers to the raw data, to the data’s sources, to 

how the data were preprocessed, to the methods by which it was verified as unbiased and 

representative. This includes looking at the features that are proxies for information about 

protected classes or to the processes by which the data are updated and the system is retrained 

on them. The transparency of the data used by algorithmic systems during infodemics refers to 

the extent to which the sources, quality, biases, and processing methods of the data are disclosed 

and accessible to stakeholders and users, particularly in the context of managing and mitigating 

misinformation (Taddeo et al.,2018).  

2.5.2 Algorithms  
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The transparency of the systems' algorithms can refer to testing its output against inputs for 

which the proper output is known; reducing the variables to the most significant so we can 

validate them, and testing the system with counterfactuals to see if prejudicial data is infecting 

the output. The Algorithm transparency in algorithm accountability during infodemics is the 

extent to which the inner workings, decision-making processes, and outcomes of algorithms are 

visible, understandable, and accessible to stakeholders, particularly in the context of managing 

and combating misinformation during infodemics (Diakopoulos ,2016). A third-party code review 

provides an analysis of how the algorithms work, an inspection of internal and external bug 

reports, or an assurance that the software development processes are sound. 

2.5.3 Goals - Algorithmic systems can also be transparent about their goals. When a system has 

multiple goals, this would mean being transparent about its relative priorities. Algorithmic 

systems can indeed enhance transparency by clearly articulating their goals and objectives. Such 

transparency is crucial for fostering trust, accountability, and ethical use of algorithms, 

particularly in contexts like managing misinformation during infodemics, Algorithmic systems 

should provide clear and unambiguous statements outlining their goals and intended outcomes. 

By explicitly defining their objectives, these systems offer transparency regarding the purpose 

and mission that guide their operations (Diakopoulos, 2016). This clarity ensures that 

stakeholders understand the intended focus and scope of the algorithmic system. Transparency 

in goal setting involves ensuring that the objectives of algorithmic systems align with the 

expectations and interests of various stakeholders, including users, policymakers, and the society 

(Floridi et al., 2018). 
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2.5.4. Outcomes - Manufacturers or operators could be required to be transparent about the 

outcomes of the deployment of their algorithmic systems. Requiring manufacturers or operators 

to be transparent about the outcomes of deploying their algorithmic systems is essential for 

accountability, consumer protection, and ethical oversight. Transparent reporting of outcomes 

empowers clients to make informed decisions about the products or services they engage with. 

When manufacturers or operators disclose information about how their algorithmic systems 

perform in real-world contexts, consumers can assess the risks, benefits, and potential impacts 

on their lives (Powles et al., 2018). Transparency allows clients to exercise agency and hold 

manufacturers accountable for the consequences of their algorithms. 

2.5.5. Compliance - Manufacturers or operators may be required to be transparent about their 

overall compliance with whatever transparency requirements have been imposed upon them. 

Transparent reporting of overall compliance ensures that manufacturers or operators adhere to 

the transparency requirements mandated by regulatory authorities or industry standards. By 

providing detailed accounts of their adherence to transparency guidelines, manufacturers 

demonstrate their commitment to regulatory compliance and accountability (Wachter et al., 

2017). Transparency allows regulators to monitor and enforce compliance effectively, thereby 

upholding the integrity of algorithmic systems. In many instances, authorities may insist that 

these compliance reports are backed by data that is inspectable by regulators or the public. 

Transparency in compliance reporting encourages manufacturers or operators to continuously 

evaluate and improve their transparency measures over time. By soliciting feedback, conducting 

audits, and implementing best practices, manufacturers can enhance the effectiveness and 
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robustness of their compliance efforts (Floridi et al., 2018). The iterative process of improvement 

promotes a culture of accountability and innovation within the organization. 

2.5.6. Influence - Transparency plays a crucial role in ensuring algorithmic accountability during 

infodemics, influencing various aspects of algorithmic systems design, implementation, and 

operation. Just as the public has an interest in knowing if an article in a newspaper was paid for 

by an interested party, the public may have an interest in knowing if any element of the AI process 

was purposefully structured to favor a particular outcome; this may be, for example, if a trusted 

search platform is artificially boosting some results because it was paid to, and if it is not flagging 

that fact to users, users, are then being manipulated. Regulators might want to insist that such 

influence be conspicuously acknowledged. Transparency in data collection and processing 

practices promotes accountability by disclosing the sources, types, and use of data within 

algorithmic systems. By providing visibility into data acquisition, storage, and processing 

methods, operators can demonstrate accountability in ensuring data quality, relevance, and 

fairness (Mittelstadt et al., 2016). Transparent data practices mitigate the risk of bias, 

misinformation propagation, and privacy violations during infodemics, thereby enhancing 

algorithmic accountability. 

2.5.7. Usage - Users may want to know what personal data a system is using, either to personalize 

outcomes or as data that can train the system to refine or update it. Knowing what personal data 

is being used may then enable them to control that usage, perhaps to make their personalized 

results more accurate or, more urgently, because they feel that the usage violates their privacy. 

This may be the case even though the data in question may already be a desired part of the 

system, such as a purchase or search history. There are grey areas here as well, such as collecting 
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anonymized, highly detailed information about trips made by autonomous vehicles and how 

often the car breaks or swerves, as for example, it could be important to optimize traffic for safety 

or fuel efficiency. Regulators may face some difficult decisions as well as drawing relatively 

obvious lines. 

 

2.6. Data Mining in social media 

Data mining is a process of discovering useful or actionable knowledge in large-scale data.  The 

process also means knowledge discovery from data (KDD), which describes the typical activity of 

extracting useful information from raw data (Han, et al., 2011). Data mining algorithms are 

classified into - supervised, unsupervised, and semi-supervised - learning algorithms. 

Classification is a common example of a supervised learning approach; this involves a given data 

set being typically divided into training and testing data sets, with known class labels (Barbier, 

2011). Supervised algorithms build classification models from the training data and use the 

learned models for prediction (Barbier, 2011). Supervised algorithms build classification models 

from the training data and use the learned models for prediction. To evaluate a classification 

model’s performance, the model is applied to the test data to obtain classification accuracy. 

Unsupervised learning algorithms are designed for data without class labels; clustering is a 

common example of unsupervised learning.  For a given task, unsupervised learning algorithms 

build the model based on the similarity or dissimilarity between data objects (Barbier, 2011).  

 

Data mining has processes involved in knowledge discovery, which are as follows:  

➢ Data cleaning for removing noise or irrelevant data.  
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➢ Data integration where multiple data sources may be integrated or combined.  

➢ Data selection is where data relevant to the user’s request or analysis task is retrieved 

from the database.  

➢ Data transformation is where data is transformed or consolidated into suitable forms for 

mining, by performing summary or aggregation operations, for instance.  

➢ Pattern discovery is where patterns are discovered by applying intelligent methods.  

➢ Pattern evaluation identifies the truly interesting patterns representing knowledge, based 

on interesting measures. 

➢ Knowledge presentation to visualize the patterns in different forms. 

 (Pushpam et al., 2017).  

Data available in social networks are user-generated content, which is vast, noisy, distributed, 

unstructured, and dynamic. These inadvertent characteristics pose challenges to data mining 

tasks to develop efficient algorithms and techniques (Nandi et al., 2013). Table 2.2 shows the 

data mining techniques and discussions on how those techniques are used. 

Techniques Discussion 

Characterization Characterization is used to generalize, summarize, 

and differentiate data characteristics. 

Classification Data classification is a process in which given data 

is categorized into different classes according to a 

model. 
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Regression This process is like classification; however, the 

major difference is that the object to be predicted 

is continuous rather than discrete. 

Association In this process, an association between objects is 

found. It discovers the relationship between 

various databases and between the attributes of a 

single database. 

Clustering Clustering involves grouping data into several new 

classes such that they describe the data.  The 

procedure involves breaking large data sets into 

smaller groups to make the designing and 

implementation process simpler. The task of 

clustering is to maximize the similarity between 

the objects in the classes, thereby, reduce the 

similarity between the classes 

Change Detection This method identifies any significant changes in 

the data from the previously measured values. 

Deviation Detection Deviation detection focuses on the major 

deviations between the actual values of the 

objects and their expected values. This method 

finds out the deviation according to the time, as 

well as, among different subsets of data. 
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Link Analysis It traces the connections between objects to 

develop models based on the patterns in the 

relationships, by applying graph theory 

techniques. 

Sequential Pattern Mining This method involves the discovery of frequently- 

occurring patterns in the data. 

Table 2.2: Data mining techniques (Jin, et al., 2015).  

2.7. Social Media Data 

Social media allows people to share and exchange content in online networks (Kaplan et al., 

2010). Social media platforms enable users to share posts containing text, images, and videos; 

users can then like, share, and comment on each other's posts, forming a network of users and 

content. Personal profiles and posts can be private or public, depending on the platform and the 

user's settings (Lange, 2007). Most social media platforms allow users to geotag their posts, 

which makes social media data comparable to other types of geographic information. While 

‘social media’ is a broad concept, in this study, the focus is specifically on social networking sites 

and content communities such as Twitter and other websites that may contain COVID-19 

misinformation. Social media also plays a significant role in mid- and post-disaster management. 

This is achieved through listening, integrating, collaborative networking, creating cohesion, 

fundraising, and providing monitoring tools and research media (Machmud, 2021), therefore, the 

government is empowered with the ability to obtain accurate information and take rapid action 

in unexpected situations. Online data collection takes two main forms: conducting ‘traditional’ 

methods online and using ‘naturally occurring’ online data. Traditional methods, such as 

interviews and group discussions can be conducted online; secondly, social media is also a rich 
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source of ‘naturally occurring’ data. Researchers can use textual, photographic, and video data 

created and shared on social media to answer research questions. Over recent years, researchers 

have been able to collate vast quantities of information from social network websites known as 

‘data mining’. Data mining involves “examining large sets of pre-existing data to produce new 

information” (Beninger et al., 2014). The use of data mining of tweets to better understand 

complex social issues has been growing in popularity, amongst researchers (Beninger et al., 

2014).  

 

There are different approaches to acquiring social media data ranging from manual searches to 

programmatic access to data (Batrinca et al., 2015). The approaches vary in the required skill 

level of the analyst and the volume of data acquired. Manually browsing through social media 

groups is time-consuming but requires little computational skill, while obtaining data using 

automated tools typically requires technical knowledge about the interface, as well as 

programming skills, and appropriate computing infrastructure for continuous data storage. The 

following are data acquisitions approaches: 

Application Programming Interfaces (APIs) provide a defined set of methods for 

programmatically interacting with social media platforms. Social media platforms often provide 

an API through which third parties, such as application developers and researchers, so they can 

interact with the platform automatically, which makes APIs an efficient tool for researchers 

(Lomborg et al., 2014). Streaming APIs continuously deliver newly posted messages, for example, 

on a specific topic in a read-only format. RESTful API interfaces are used by requesting specific 

data from the API and allowing more flexible queries back in time.  
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Purchase of data from an authorized data vendor has several advantages, such as little to no 

manual work and programming effort, and the opportunity to access time series of historical 

data. 

Web scraping, or web crawling, is an approach for downloading and extracting data from web 

pages using an automated script. Compared to APIs, web crawlers can only access the public web, 

while APIs may provide access to content requiring authentication (Toivonen et al., 2019). 

Regardless of the data acquisition method, a researcher is responsible for storing and analyzing 

the data ethically and responsibly because each social media platform has its ‘Terms of Service’ 

that define how data acquired from these platforms can be stored and used by third parties. 

These conditions should be acknowledged when retrieving data for research purposes (Batrinca, 

et al., 2015). Social media data are generally referred to as ‘big data’ (Crampton, et al., 2013), 

and the volume of user-generated data worldwide is overwhelming, however, the amount of 

data needed in the end-analysis can be significantly reduced if one is interested only in a specific 

topic or region. The data are generally rich in visual and textual content and variable across topics 

and languages and despite the evident noisiness of these data, social media content has been 

found to contain relevant information for studying human-nature interactions from a relatively 

local to a global scale. Overall, social media data seems most useful for studying relatively broad 

areas, frequently visited by people or popular topics among social media users (Toivonen et al., 

2019). 

2.8. Information Cascade  

The developments of AI based on machine learning techniques through Big Data, have raised 

multiple ethical and legal concerns, all of which ultimately hinge on the issues of responsibility, 

which is increasingly invoked, not as a remedy but as a character that should shape the whole 
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development process of AI, as well as its functioning (Gordoni, 2020). Some aspects of AI, taken 

in its scientific and communal act, threaten some established ideas related to human agency. 

Currently, there is evidence pointing to the adverse effects of algorithmic formation on human 

datasets, as often, such algorithms mirror and exacerbate existing inequalities in the input data 

(Stoica, 2020).  

The perception of accountability is related to the necessity to report and justify automated 

decision-making. This implies knowing how a system operates; in other words, being able to audit 

a system. Auditing is the process whereby an external third-party, with no conflict of interest 

examines and evaluates the performance of a system to ensure no harm is derived from its use 

(Unceta et al., 2020). Accountability should facilitate action; actionable accountability can, therefore, be 

understood as a mechanism that involves auditing and mitigation. 

 

The societal concerns posed by machine-learning have been discussed for decades, but the 

contemporary development of automated decision-making represents a major societal concern, 

given the changed societal context, as regards the ethical, legal, economic, and wide societal 

implications of AI (Gorgoni, 2020). The world is rapidly moving from the times of the internet to 

the algorithmic society, and soon, we will look back on the digital age as the forerunner to the 

algorithmic society. While the role of technology is under debate in the inequality or the bias of 

algorithms, this study aims to unravel the power of computational tools in analyzing instances of 

social bias on a large scale, as well as evaluating the effects of certain algorithms that are 

determined from biased data on the social bias. It is of utmost importance to understand the 

disparate effects of algorithmic accountability on social inequality and formulate a fair and 

explainable framework in designing such tools for prediction (Stoica, 2020).  

 

This study intertwines theoretical underpinnings for explaining such effects and building 

interventions for algorithmic accountability, starting from defining - what ‘algorithmic 

accountability’ means, what properties of social media lead to differentiated outcomes, and what 

reasonable means, in different contexts of social media, finally leading to a re-designing of 

learning algorithms to produce more reasonable results. There is the ubiquity of health-related 
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communications via social media, despite this, no consensus has emerged on whether this 

medium, on the balance, jeopardizes or promotes public health. During the COVID-19 pandemic, 

social media were described as either, the source of toxic Infodemics or a valuable tool for public 

health as no conceptual model exists for examining the roles that social media can play 

concerning population health (Schillinger et al., 2020).  

 

Proactive communications are usually generated by public health entities that effectively prevent 

or minimize the spread of misinformation and increase public awareness of accurate information 

(Southwell, et al., 2020). Injected messages are created and disseminated as a reaction to 

misinformation. In response to misinformation concerns related to COVID-19, WHO’s risk 

communication team, launched a new information platform called ‘WHO Information Network 

for Epidemics’, which uses social media amplifiers to share tailored information with target 

groups (Pagoto, 2019). Computer-language methods allow the exploitation of big data from 

social media to identify emerging trends, track behavioral changes, and detect or even predict 

disease outbreaks (Schillinger, et al., 2020).  

 

An overabundance of information - some accurate and some not- makes it difficult for people to 

separate false from true information easily. Infodemics and the spread of health misinformation 

are global and multifaceted phenomena, calling for both specific theoretical frameworks and 

applied tools for measurement and analysis, as well as for the coordination of public health 

institutions, policymakers, information professionals, researchers, journalists, information 

technology experts, digital platforms and the entire civil society in containing their negative 

effects when utilizing evidence-based joint efforts and policies (Sell , et al., 2020).  

 

2.9.  Big Data Analytics  

 

More than 64.5 million people globally were infected by the virus; about 41.5 million recovered 

and 1.49 million of them have died from this virus (Template: COVID-19 pandemic data – 

Wikipedia, 2023). This magnitude of cases and their health data have created a vital source of 
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information and knowledge. There is, hence, an urgent requirement to store such a large amount 

of data, using different data-storage technologies. These data are used to undertake research 

and development about viruses, pandemics, measures to fight these viruses and their after-

effects.  

Big data is an innovative technology that can digitally store a large amount of data on patients; t 

helps to computationally analyze the stored data to reveal patterns, trends, associations, and 

differences; it can also help in revealing insights into the spread and control of this virus. With 

detailed data capturing capability, big data can be used gainfully to minimize the risk of spreading 

viruses (Wang, et al., 2020). 

 

Big data has been employed in a wide range of industrial application domains, including 

healthcare where electronic healthcare records (EHRs) are exploited by using intelligent analytics 

for facilitating medical services; for example, health big data potentially supports patient-health 

analysis, diagnosis assistance, and drug manufacturing (Priyanka, 2014). Big data has the 

potential for fighting pandemics, like COVID-19, via four main application domains: - outbreak 

prediction; virus spread tracking; virus diagnosis/ treatment, and vaccine/drug discovery - as 

shown in Fig. 3 below (Pham, 2020). 

 

China has employed the COVID-19-related data from authoritative sources, such as national, 

provincial, and municipal health commissions (Data governance, 2019). This big data source 

helped implement pandemic modeling to interpret the cumulative numbers of infected people, 

and recovered cases in five different regions, - the Mainland, Hubei, Wuhan, Beijing, and 

Shanghai.  In addition, the process has allowed the performance of simulations to predict the 

trends in COVID-19 and other outbreaks, through identifying the areas at high risk of pandemics 

and detecting the population with increasing infected cases, all of which contribute to the success 

of anti-pandemic campaigns. Big data, hence, enables outbreak prediction on a global scope. 

From the data analysis point of view, the outbreak was predicted using available data points that 

put the accuracy of reliable estimation under doubt, due to the lack of comprehensive 
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investigations. Accuracy may depend on the number of contributory factors, ranging from 

infected cases, population, living conditions, and environments. 

 

Big data technology can store a massive amount of information about the people who were 

infected with the COVID-19 virus. It helps in understanding, in detail, the nature of this virus. The 

data obtained can further be trained over again for developing future preventive methods. This 

technology has been used to store the data of all types of cases - infected, recovered, and expired 

- affected by COVID-19. This information can be effectively used for case identification and 

helping to allocate the resources for better protection of public health. Several modalities of 

digital data including - patient location, proximity, patient-reported travel, co-morbidity, patient 

physiology, and current symptoms - can be digitized and used for generating actionable insights 

at both community and demographic levels. Figure 2.2 shows the processes of how Big Data can 

fight pandemics, like COVID-19. 

 

 

 

 

 

  Figure 2.2: Big Data Processing for fighting COVID-19 (Shah, et al.,2022).  
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Big data provides a massive amount of information to scientists, health workers and 

epidemiologists to help them to make informed decisions on how to fight viruses, like the COVID-

19 one. This data can be used to track viruses on a global basis, continuously and to create 

innovation in the medical field (Xia, 2020). It can help to forecast the impact of viruses, like 

COVID-19, in a particular area and the whole population. It helps in the research and 

development of new treatment procedures. Big data can also provide possible sources and 

opportunities for people, thus helping to handle stressful situations. Overall, this technology 

provides data to undertake - analysis of disease transmission, its movement, health monitoring 

and prevention system.  

BDA will act as a medium for tracking, controlling, researching, and preventing the reoccurrence 

of COVID-19 as a pandemic. It will diversify manufacturing, and enhance vaccine development 

on a more profound scale, with absolute knowledge. Prevalent modeled data helps in 

understanding and offers an edge over the other process, like corresponding homology models. 

These are predicted by fold and function assignment system server for each target protein which 

was downloaded from Protein Data Bank, for predicting a COVID-19 cure and identifying the 

symptoms associated with the disease (Amini et al., 2017; Wu, 2020).  

 

Big data provides insights and analyses into the factors leading to better containment of infected 

persons. China suppressed COVID-19 with the help of data collection and implemented with AI 

led to a low rate of spread. There are several big data components to this pandemic, where AI 

can play a significant role, like biomedical research, NLP, social media, and mining scientific 

literature. Big data provides information to identify any suspected cases of this virus. It helps to 

provide an efficient way to prevent illness and extract other valuable information. In the future, 

big data will help the public, doctors, other healthcare professionals, and researchers to track 

this virus and analyze the infection mechanism of COVID-19. The data provided helps to examine 

how this infection can be slowed or eventually prevented and helps to optimize the allocation of 

resources, hence, contributes to taking appropriate and timely decisions. With the assistance of 

this digital data-storing technology, doctors and scientists can also develop a convenient and 

efficient method of COVID-19 testing (Haleem et al., 2020). 
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S. No Applications Description  

1. Identification of infected cases It can store the complete medical history of all 

patients, due to its capability of storing a massive 

amount of data. 

 

By using the captured data, this technology helps 

in the identification of infected cases and 

undertakes further analysis of the people’s level of 

risks. 

2. Travel history Used to store the travel history of the people to 

analyze the risk. 

 

Helps to identify people who may be in contact 

with infected patients of this virus. 

3. Fever symptoms Big data can keep a record of the fever and other 

symptoms of a patient and suggest if medical 

attention is required. 

 

Helps to identify suspicious cases and other 

misinformation using the appropriate data 

4. Identification of the virus at an 

early stage 

Quickly helps to identify the infected patient, at an 

early stage. 

 

Helps to analyze and identify persons who can be 

infected by this virus in future. 

5. Identification and analysis of 

fast-moving disease 

Helps to effectively analyze any fast-moving disease 

as efficiently as possible. 
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Has the potential to handle appropriate 

information regarding a disease. 

6. Information during lockdown This technology collects information regarding this 

virus during any lockdown that may have been 

imposed. 

 

Track and monitor the movement of people and the 

entire health management process. 

7. People entering or leaving an 

affected area. 

It helps to analyze the number of people entering 

or leaving an affected city. 

 

With these vast amounts of data, health specialists 

can quickly identify the possible behavior of the 

virus in those peoples. 

8. Faster development of 

medical treatments 

Assist in fast-tracking the development of new 

medicines and equipment needed for current and 

future medicinal needs. 

 

Provides previous data on viruses, thus, helps in 

gaining an advantage over newer 

pandemics/epidemics using previously analyzed 

results. 

 

Table 2.3: Applications of big data in the COVID-19 pandemic (Haleem, et al., (n.d.).  

 

2.10. Understanding Infodemics 

These days every hour we are inundated by so much data and information, that the WHO coined 

a word for it ‘infodemics’. Infodemics is defined as an overabundance of information – some 
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accurate and some not – that makes it hard for people to find trustworthy sources and reliable 

guidance when they need them (Culp, 2020). COVID-19 infodemics spans four major thematic 

areas where people looked for trustworthy information. information and where there were 

misinformation and rumors. These areas were - the cause and origin of the virus and disease; its 

symptoms and transmission patterns; available treatments, prophylactics, and cures; and the 

effectiveness and impact of interventions by health authorities or other institutions (Culp, 2020). 

The coronavirus marks the first social media infodemics, and the participatory nature of online 

platforms has allowed disinformation to spread and flourish at unprecedented speed, creating 

an environment of heightened uncertainty that has fueled anxiety and racism in persons, and 

online (Sloan, 2020). Increased global access to cell phones with an internet connection, as well 

as social media, has led to the exponential production of information and the number of possible 

paths for getting it, creating information infodemics (Saúde, 2020). This simply means that an 

enormous amount of information is produced and shared all over the world, reaching an 

unknown number of people. 

2.11. Misinformation  

The timing is challenging, as platforms are fighting to contain an epidemic of misinformation, 

with user traffic hitting records. To make up for the absence of human reviewers, platforms 

largely handed over the role of moderating content to algorithmic systems. As a result, machines 

currently have more agency over the regulation of our public discourse than ever before. In mid-

February, the WHO announced that the new coronavirus pandemic was accompanied by an 

‘infodemics’ of misinformation (WHO, 2020).  

 

Misinformation- and disinformation about science, technology, and health is neither new nor 

unique to COVID-19. Amid an unprecedented global health crisis, many journalists, policymakers, 

and academics have echoed their concerns to WHO and stressed that misinformation about the 

pandemic presents a serious risk to public health and public action (Mihailidis, et al., 2017).  

Generally, fake news is primarily spread via social media platforms, such as Facebook, Twitter, 

Reddit, YouTube, and Instagram, among others (Mihailidis, et al, 2017; Pew Research Center, 

2018). Fake news is hard for some people to identify and can create confusion about what is true 
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and doubts about accurate information; reliance on falsehoods, and is continuously shared 

among members of the public, unknowingly (Jang et al, 2018; Rapp et al, 2018). With the rapid 

dissemination of fake news through social media, users are bombarded with false information, 

regularly; much of this false information is based on the agendas of partisan news coverage 

(Vargo et al., 2017). Usually, when consumers learn information via fake news that information 

is persistent and long-lasting (Jeong-woo et al., 2019). It usually has more impact on consumers 

than information from true news sources, most likely because of its sensational nature and shock 

value (Wright et al., 2019). 

While research has demonstrated that there are specific consumer characteristics that may make 

them a little more susceptible to believing fake news, including being White, male, and 

identifying as evangelical Christian and conservative (Wright et al., 2019), the main way we can 

combat fake news is by educating ourselves about what it is and what it is not. We must do our 

fact-checking when we are presented with information from any source, including hard news 

sources, government agencies, social media, friends, and family. Snopes is a great source for fact-

checking news but the best place to get accurate information related to COVID-19 is the Centre 

for Disease Control and Prevention. The biggest challenge, however, is that this misinformation 

or fakes news is drowning official public health advice on COVID-19, making it extremely 

problematic for the voices of healthcare professionals to be heard; the implications of this may 

be enormous as the virus continues to spread between and within diverse populations 

(Ahinkorah et al., 2020).  

2.12. Covid-19 Misinformation in South Africa 

The arrival of the COVID-19 virus in South Africa saw an increase in the dissemination of 

misinformation about the virus on social media and other platforms. These range from messages 

minimizing the virus's harm in the country (Davis, 2020), to the propagation of conspiracy 

theories about government actions to control the virus. Deliberately spreading fake news and 

other misinformation in South Africa about the virus was declared an offense punishable by a 

fine, six months imprisonment, or both. 
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One individual was arrested for posting a video showing himself drinking in public with friends 

following the national lockdown, whilst stating that there was "nothing called corona here” 

(Davis, 2020). In another incident, a man claimed that 10000 government officials would be going 

door-to-door using contaminated test kits to test people for the virus (COVID-19 Test Kits, 2022).  

 A conspiracy theory that Bills Gates wished to test a COVID-19 "vaccine" in Africa or South Africa 

first caused significant controversy on social media following the publication of a now-retracted 

story in News24. Fake news that 5G cellular technology was the true cause of COVID-19 

symptoms also spread in the country during this period as it did in other countries worldwide 

(Cilliers, 2020). 

2.13. Sense-making perspective on Algorithmics.  

Governments, institutions, and citizens of nearly every nation have been compelled to respond 

to COVID-19. Many measures have been adopted, including contact-tracing and risk-assessment, 

whereby citizens’ whereabouts were constantly monitored to trace contact with other infectious 

individuals and isolate contagious parties via algorithmic evaluation of their risk status (Liu, 2020) 

The relationship between algorithms, data, and individuals is dynamic and tempestuous in the 

era of big data. Algorithms and related technologies have been employed for multiple social 

purposes, including but not limited to public health efforts to fight COVID-19 (Liu et al., 2020).  

 

Sense-making is essentially something actors do as they engage in practice. Established literature 

conceptualizes sense-making as an ongoing, situated process that involves the creation of 

coherent understandings through interlinked, observation, interpretation, and action. As 

individuals and groups ‘enact’ order in the chaotic or uncertain situations they encounter through 

their actions, they generate new observations that trigger reinterpretation (Schildt et al., 2020). 

Sense-making involves turning factors into a situation that is appreciated explicitly in words and 

that serves as a starting point for action. The seemingly transient nature of sense-making 

contradicts its significant role in the determination of human behavior, whether people are acting 

in formal organizations or otherwise. Sense-making is central because it is the primary site where 

meanings materialize that inform and constrain identity and action. In terms of ‘application’, 
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sense-making theorists have often been, especially, interested in individual and collective 

decision-making and processes of group and organizational change (Brown et al., 2015).  

 

Sense-making enables stakeholders to better understand what is going on within their 

environments, thus facilitating other relevant activities, such as visioning, relating, and inventing. 

The move to the complex occurs as new information is collected, and new actions are taken. Then 

as patterns are identified, and the new information is labeled and categorized, the complex 

becomes simple once again, albeit with a higher level of understanding. Sense-making is most 

often needed when our understanding of the world somehow becomes unintelligent. This occurs 

when the environment is changing rapidly, presenting us with surprises for which we are 

unprepared or confronting us with adaptive rather than technical problems to solve (Ancona, 

2012). We learn the most about events or issues when we view them from a variety of 

perspectives; while each may have its flaws, when the different modes of analysis reveal the 

same patterns, we can feel more confident as we converge on an interpretation of what is going 

on (Weick, 1995).  

2.14.  Coronavirus Misinformation Tracking systems  

 

As a new strain of the coronavirus spreads across the globe, so does disinformation and 

misinformation, following the spread of this dangerous information, with My Broadband’s 

Coronavirus Misinformation Tracking Center. Red-Rated news and information sites in South 

Africa have been identified as publishing materially false information about the virus.  These are 

websites that are notorious for publishing false health content and political sites whose embrace 

of conspiracy theories extend well beyond politics. Among the hoaxes these sites published were 

that swallowing bleach or colloidal silver will prevent the coronavirus—when in fact these 

treatments can be harmful, according to - African News Updates, Blackopinion.co.za, 

mzasitimes.com, nationalnewsbulletin.com, news24-TV, and Pretoria Live – which are some of 

the South African-based fake news sites (Bangalee et al., 2021) 
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2.15.  Challenges in Search of Covid- 19 Information 

Beyond the challenges of data analysis, there were other challenges related to research on 

COVID-19, as discussed next.  

2.15.1. Searching for relevant information sources 

Every day there is a tremendous growth of articles published on the COVID-19 pandemic. For 

researchers in the field of evidence synthesis, the challenge is searching for relevant information 

sources. Creating a specialized and publicly accessible collection of studies that specifically focus 

on COVID-19 will be very helpful. WHO has set up a collection of articles about COVID-19 

compiled in a publicly available database (Wolkewitz et al, 2020).   

2.15.2.  Incorporating information swiftly 

 

In a world where each day brings tons of new articles on a well-known topic, conducting evidence 

synthesis is particularly challenging. Systematic reviews are considered by many as the highest 

level of evidence in the hierarchy of evidence in medicine, but their production often takes years 

(Runjic, et al, 2019), however, multiple systematic reviews about COVID-19 have already been 

published. What remains to be seen is the quality of these rapidly produced systematic reviews. 

Producing evidence syntheses on a short-time scale usually requires cutting corners with the 

methodology, and for this reason, rapid reviews have evolved. Rapid reviews are conducted with 

a condensed timeline, sacrificing certain aspects of systematic review methodology for speed 

(Garritty et al, 2019).  A pilot study has shown that rapid research that needs appraisal can be 

conducted within five days in the case of an infectious disease outbreak (Sigfrid et al., 2019), 

however, it has also been shown that lack of transparency and inadequate reporting are the 

major limitations of such reviews (Kelly et al., 2016). 

2.15.3.  Ensure acceptable quality of published research. 

 

According to Wolkewitz et al., (2020), journal editors are currently under pressure to publish 

relevant articles on COVID-19 quickly, which these editors have described as “rather maddening”. 

It has been argued, however, that this could also be advantageous in the long run, as it could help 

journals to become more efficient in the future, although, haste is likely to be detrimental to the 
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quality of publications. Speed is not necessarily a friend of good science. Articles may be 

assembled too quickly, publishing processes may be hastened, hence, the quality of the peer 

reviewing may not be adequate.  

 

Anecdotal reports indicate that highly specialized experts in the field may be swamped with 

requests for peer reviews that they are unable to accommodate, which may lead to inviting less 

specialized peer-reviewers, to the detriment of manuscript quality (Wolkewitz et al., 2020). There 

is a need to wait to find out how many corrections and retractions there will be for journals 

published hastily on the topic of COVID-19, and whether the methodological and reporting 

quality of those articles will be lower, compared to articles on other topics. In times of 

emergency, researchers should still pay attention to transparency and adequate reporting of 

their research, to ensure its quality, reproducibility, and usefulness. 

2.15.4.  Data Distribution 

To enable analysis of data gathered during the COVID-19 pandemic, principles of open science 

and raw data sharing will be of utmost importance. Modjarrad et al., (2016) proposed global 

norms for data sharing during global health emergencies, and it remains to be seen whether 

researchers will be more likely to share their raw data publicly in articles covering COVID-19.  

2.16. Data Governance 

Data governance refers to the exercise of authority and control over the management of data. 

The purpose of data governance is to increase the value of data and minimize data-related costs 

and risks (Data Governance, 2019). Governance refers to what decisions must be made to ensure 

effective management and use of IT, such as decision domains, and who makes the decisions, 

such as locus of accountability for decision-making. Governance includes establishing who in the 

organization holds decision rights for determining standards for data quality. Management 

involves determining the actual metrics employed for data quality (Vijay et al., 2010),  
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 The definition of data governance includes who holds the decision rights and accountability 

regarding an enterprise’s data assets therefore, the decision domains should be identified to 

assign the right responsibilities and duties. In reviewing the literature relating to data governance 

frameworks, Khatri et al., (2010) proposed a framework for data that contains five interrelated 

decision domains. In these domains, the data principles are shown at the top of the framework 

as they are intended to establish the direction for all other decision domains, hence, the 

principles set the boundary requirements for the use of data assets, which address the 

organization’s standards for data quality. The data quality then refines the basis for how data are 

interpreted (metadata) as well as accessed (data access) by users. Lastly, the data life-cycle 

decision defines the production, retention, and retirement of data assets which play a 

fundamental role in operationalizing the data principles into the IT infrastructure (Alhassan et al., 

2016). 

Table 2.4: Decision domains for data governance (Khatri, et al.,2010) 

 

Manene et al., (2023) proposed a framework that has been illustrated using two interacting 

activity systems, representing the activities set by the two subjects - social media users and 

regulators. The authors mentioned subjects which refer to all the individuals and groups 

participating in an activity. These people are the overall focus of a study and will be responsible 

for implementing the strategies identified in the framework. Figure 2.3 shows the proposed 

framework. 

DATA PRINCIPLES 

 

DATA QUALITY 

METADATA  

DATA LIFE CYCLE DATA ACCESS 
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Figure 2.3: Proposed framework for managing the coronavirus disease’s 2019 infodemic (Manene 

et al.,2023). 

Based on the literature review on COVID-19 misinformation and infodemics on social media, 

there is much lack of algorithmic accountability on how to combat such misinformation being 

populated on social media. The researcher is proposing a conceptual framework for a sense-

making perspective of algorithmic accountability during infodemics. The framework will help in 

combatting and channeling algorithmic accountability on social media and how the spread of 

misinformation can be avoided by individuals, governments, and the private sector. 

 

2.17.  Chapter Summary  

This chapter reviewed the related literature on sense-making perspective and algorithmic 

accountability during infodemics. The concepts of BDA and models that were used for their 

deployment in organizations were presented; secondly, the literature relating to COVID-19 

infodemics was reviewed. Based on this literature, there were many methodological challenges 
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related to producing, gathering, analyzing, reporting, and publishing data in condensed timelines 

required during a pandemic. The discussions, however, did not mention all of them, but this study 

contributed to research methodology related to COVID-19 and helped to address those other 

issues as well. It was customarily said that each crisis was also an opportunity.  
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Chapter 3: RESEARCH METHODOLOGY 

3.1.  Overview 

Chapter Three provided a summary of the research methodology that was used in conducting 

the study. This section covered research methodology, area of study, research design, study 

population, data collection techniques, and ethical considerations. The limitations that the 

researcher had encountered during the research process were highlighted, for any field of study 

encouraged a researcher to adapt his or her study to the current situation (Sarantakos, 2007)  

 

3.2 RESEARCH PARADIGM 

A research paradigm is the conceptual lens through which researchers examine the 

methodological aspects of their research project to determine the research methods that should 

be used and how the data will be analyzed. Research paradigm comprises four elements, namely, 

ontology, epistemology, axiology, and methodology (Kivunj et al., 2017).  

3.2.1. Ontology  

 

On the 31st of December 2019, the WHO in China was informed by the Chinese authorities of a 

series of pneumonia cases with unknown causes in Wuhan, Hubei, China, with clinical 

presentations that greatly resembled viral pneumonia. The Chinese authorities had isolated a 

causal agent on 7th January 2020, which was identified as a new type of coronavirus. Initially, the 

virus was named ‘2019 novel coronaviruses, but the official names of the virus and the disease it 

caused were announced soon after; the official name of the virus was ‘severe acute respiratory 

syndrome coronavirus 2’ (SARS-CoV-2), and the disease it caused was the coronavirus disease. 

The coronavirus disease was the first pandemic in history in which technology and social media 

were being used on a massive scale to keep people safe, informed, productive, and connected. 

At the same time, the technology relied on to keep people connected and informed was enabling 

and amplifying infodemics that continued to undermine the global response and jeopardize 

measures to control the pandemic. 

An infodemic, as explained earlier, was an overabundance of information, both online and offline. 

It included deliberate attempts to disseminate wrong information to undermine the public health 
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responses and advance alternative agendas of groups or individuals (Culp, 2020). Mis- and 

disinformation can be harmful to people’s physical and mental health, increase stigmatization, 

threaten precious health gains, and lead to poor observance of public health measures, thus, 

reducing their effectiveness and endangering countries’ ability to stop the pandemic.  

 

3.2.2.  Epistemology 

Misinformation costs lives. Without the appropriate trust and correct information, diagnostic 

tests go unused, immunization campaigns will not meet their targets, and the virus will continue 

to thrive. Disinformation polarized public debate on topics related to COVID-19, amplified hate 

speech, heightened the risk of conflict, violence, and human rights violations, and threatened 

long-term prospects for advancing democracy, human rights, and social cohesion. This study 

aimed to give a sense-making perspective on the algorithmic accountability on infodemics during 

this pandemic, for which a framework was developed. 

3.2.3. Methodology  

Methodology articulates the logic and flow of the systematic processes followed in conducting a 

research project, to gain knowledge about a research problem. The methodology includes 

assumptions made, limitations encountered, and how they were mitigated or minimized. Mixed 

methods were used in this research as the topic required a purposeful mixing of methods in data 

collection, data analysis, and interpretation of the evidence. The key word is ‘mixed’; this is an 

essential step in data linkage or integration at an appropriate stage in the research process. 

3.2.4. Axiology 
 

Axiology involves defining, evaluating, and understanding concepts of right and wrong behavior relating 

to research. Axiology considers what value shall be attributed to the different aspects of research - the 

participants, the data, and the audience to which we shall report the results of the research. This study 

used the COVID-19 misinformation where the emergence of social media as a key source of news content, 

had created a new ecosystem for the spreading of misinformation. This situation was illustrated by the 

recent rise of an old form of misinformation - blatant false news stories that are presented as if they are 
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legitimate. Many people consume news via social media; therefore, it is desirable to reduce social media 

users’ exposure to low-quality news content. One possible intervention is for social media ranking 

algorithms to show relatively less content from sources that users deem to be untrustworthy. The 

question, however, is - Are lay people’s judgments reliable indicators of quality, or are they corrupted by 

either partisan bias or lack of information? Perhaps surprisingly, I find that lay people on average are quite 

good at distinguishing between low- and high-quality sources. These results indicate that incorporating 

the trust ratings of lay people into social media ranking algorithms may prove an effective intervention 

against misinformation and news content with heavy political bias. 

3.3.  Research Design 

This study was conducted in two phases, beginning with the collection of COVID-19 

misinformation posts using a combination of web scraping on websites and filtering the public 

streaming Twitter application programming interface for keywords associated with suspects of 

COVID-19 misinformation in which was NLP. The second phase involved data analysis using (NLP) 

which is a theoretically motivated range of computational techniques for analyzing and 

representing naturally occurring texts at one or more levels of linguistic analysis to achieve 

human-like language processing for a range of tasks or applications (Zhao et al., 2020). The NLP, 

therefore, will be used to identify potential misinformation in the African News Updates, black 

opinion.co.za, mzansitimes.com, Nationalnewsbulletin.com, News24-TV, Pretoria Live websites.   

 

The Design Science method was utilized to understand the link between algorithmic 

accountability and infodemics at the national level and qualitative techniques were used to 

achieve the study objectives. A qualitative case studies using NLP was used. NLP methods for 

textual content analysis is a field that studies the computational processing of all natural 

languages, such as English or Swahili. NLP methods can be used to analyses content on social 

media platforms, such as Instagram captions or Twitter posts. Applications of NLP methods in 

conservation science have been rare but hold much potential for extracting useful information 

from textual content (Becken et al., 2017). NLP methods allow, for instance, automatic language 

identification, sentiment analysis, and named entity recognition for extracting the names of 

locations, organizations, individuals, and species mentioned in social media posts (Toivonen et 

al., 2019). The researcher developed a scraper in Python to fetch the data and news from the 
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sources in which the sentiment analysis and topic modelling were used as the data analysis 

method to obtain the findings.  Topic modelling helps in exploring large amounts of text data, 

finding clusters of words, the similarities between documents, and discovering abstract topics. 

Topic modelling is also used in search engines wherein the search string is matched with the 

results (Mining, 2018) and again the topic is defined as a group of similar articles which roughly 

talk about the same subject (Albanese et al., 2020).  

3.4. Experimental research design 

Experimental research is a scientific approach to research, where one or more independent 

variables are manipulated and applied to one or more dependent variables to measure their 

effect on the latter. This was an experimental study as it used the Natural Language Processes 

whose aim was to gather COVID-19 misinformation using Python as a language; the intention 

here was to discover how human beings understand and use languages, so that appropriate tools 

and techniques can be developed to make computer systems understand and manipulate natural 

language to perform desired tasks (Gobinda et al., 2005).  

3.5. Topic modeling in studying algorithmic accountability.   

In a recent study, the use of technological methods in communication had attracted increasing 

interest. However, applying these methods required both expertise and material resources, such 

as servers for executing programs (Smith.,2005). In this study, the researcher investigated 

algorithmic accountability during infodemics, in which AI played a major role, and analyzed the 

empirical Twitter data from users. 

The researcher investigated what Python language could provide for multi-method media event 

research, where the media was the starting point, by running topic modeling for the data 

consisting of 21 of 508 tweets. Topic modeling provided a way to compress the big data 

qualitative phase of the research. 

3.6. Qualitative, Quantitative, and Mixed Approaches 

Qualitative and quantitative research approaches are utilized rather frequently in different 

disciplines, such as sociology, psychology, and history. Regarding the research approaches, there 

persists the so-called ‘paradigm wars’ in which researchers belong to two distinct camps—

interpretivism and positivism. The positivistic researchers believe that the social world consists 
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of concrete and unchangeable reality which can be quantified objectively; whereas the 

interpretive researchers oppose the positivistic belief of reality and argue that, instead, reality is 

socially constructed by humans, which can be changed and understood subjectively (Rahman, 

2016).  

Quantitative analysis between algorithmic accountability and the context of infodemics involved 

examining numerical data to identify patterns, trends, correlations, and associations. For 

instance, researchers utilized statistical techniques to explore the impact of algorithmic decision-

making on the spread of misinformation during infodemics (Smith et al., 2020). Machine learning 

algorithms were employed to analyze large datasets and predict misinformation dissemination 

patterns (Jones et al., 2019). Network analysis methods were also utilized to examine the 

structure of information networks and identify influential actors in the spread of misinformation 

(Gao et al., 2019). These quantitative approaches provided valuable insights into the complex 

dynamics between algorithmic accountability and infodemics, enabling researchers to inform 

evidence-based interventions and policy responses. Data visualization tools and techniques were 

employed to visually represent quantitative findings and insights. Visualizations such as charts, 

graphs, and heatmaps helped communicate complex relationships and trends between 

algorithmic accountability and infodemics in a clear and understandable manner. 

 

Mixed-method research requires a purposeful mixing of methods in data collection, data analysis, 

and interpretation of the evidence. The key word is ‘mixed’; this is an essential step in data 

linkage or integration at an appropriate stage in the research process. Purposeful data integration 

enables researchers to seek a more comprehensive view of their research landscape, viewing 

phenomena from different viewpoints and through diverse research lenses (Shorten et al, (2017). 

Selecting the right research method starts with identifying the research question and study aims. 

A mixed methods design is appropriate for answering research questions that neither 

quantitative nor qualitative methods could answer alone.  

In the study, a mixed-research approach was employed to comprehensively explore the 

relationship between algorithmic accountability and the context of infodemics. This 

methodological choice was motivated by the acknowledgment that leveraging both qualitative 
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and quantitative methodologies provided distinct advantages in unraveling the complex 

dynamics inherent in this intersection. 

Through the combination of qualitative and quantitative data collection methods, researchers 

were able to gather a diverse range of insights and perspectives. Qualitative methods, such as 

interviews, focus groups, and case studies, facilitated an in-depth exploration of the intricate 

nuances and underlying mechanisms shaping algorithmic accountability practices within the 

infodemics context. Conversely, quantitative techniques, including data mining, statistical 

analysis, and network mapping, provided a broader perspective by quantifying patterns, trends, 

and correlations in the vast datasets characterizing digital information dissemination during 

infodemics. The integration of qualitative and quantitative data enabled triangulation, where 

findings from one method could be corroborated, enriched, or challenged by the other. This 

triangulation enhanced the validity and reliability of the study's findings by providing multiple 

lines of evidence and perspectives. For instance, qualitative insights into stakeholders' 

perceptions and experiences of algorithmic accountability were complemented by quantitative 

analyses of algorithmic impacts on information dynamics and public discourse. 

The mixed-research approach facilitates a more holistic understanding of the connections or 

contradictions between qualitative and quantitative data. It enables researchers to identify 

convergent patterns, discrepancies, or divergent findings across different data sources, thereby 

uncovering deeper insights into the underlying mechanisms driving algorithmic decision-making 

and its implications within the infodemics landscape. 

By leveraging the complementary strengths of qualitative and quantitative methodologies, the 

mixed-research approach employed in this study aimed to provide a nuanced and comprehensive 

understanding of the intricate linkages between algorithmic accountability and the context of 

infodemics. Through rigorous analysis and synthesis of diverse data sources, this approach sought 

to illuminate key insights that could inform evidence-based interventions, policy 

recommendations, and future research directions in this critical domain. These two approaches 

provided opportunities for participants to have a strong voice and share their experiences across 

the research process, and they facilitated different avenues of exploration that enriched the 

evidence and enabled questions to be answered in-depth (Smith et al., 2017).  
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3.7.  Research Strategy 

 

 This study allowed the adoption of a research approach that was qualitative. The research map 

below summarizes the overall research strategy.  

 

Table 2: Research Strategy 

 

 

 

H
ISTO

R
Y

 

Research 

Element 

Research Focus Objectives Methods 

CONTEXT Macro Social Organization, 

for example, infodemics 

networks and algorithmic 

accountability. 

Determine the 

influence of 

algorithmic 

systems on 

infodemics 

 

 

 

 

 

➢ Qualitative Case 

study using (NLP) 

 

SETTING Uses a series of COVID-19 

case studies to illustrate how 

a lack of transparency can 

cause problems.  

Algorithmic 

systems 

problematize 

transparency.

  

SITUATED 

ACTIVITY 

 

 

 

SELF 

Understanding algorithms in 

social settings requires paying 

attention to individual sense-

making practices and 

interpretation.  

 

 

Necessary precaution to 

obtain - valid information, 

comforting information, and 

perplexing information.  

 

Algorithmic 

accountability can 

be realized in 

practice. 

 

 

Coronavirus  

misinformation 

can be confronted. 
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To make sense of the link between algorithmic accountability and the Infodemics context, the 

mixed-research approach was guided by the following research objectives: 

1. Main objective: To determine the influence of algorithmic systems during infodemics: 

Qualitative case studies using NLP. 

2. Algorithmic systems problematize transparency. This objective uses a series of COVID-

19 case studies to illustrate how a lack of transparency can cause problems, if undertaken 

before exploring the consequences that such a lack of transparency can have, as well as 

the complexities inherent in trying to achieve transparency in any given societal context. 

3.  Algorithmic accountability can be realized in practice. Understanding algorithms in 

social settings requires paying attention to individual sense-making practices and 

interpretation. 

4. Coronavirus misinformation can be confronted. This can be done if the necessary 

precaution, information-valid, comforting information, and perplexing information are 

taken into consideration. 

3.8.  DATA COLLECTION PROCEDURES 

 

This study first applied a systematic approach for conducting data mining on Twitter by filtering 

the public streaming API (Application Programming Interface) for keywords associated with 

COVID-19 misinformation, to collect a large corpus of general COVID-19–related conversations 

for the 21 days of South Africa’s lockdown. The selection of the 21-day period during South 

Africa's lockdown likely corresponded to a specific phase or timeframe of the COVID-19 pandemic 

in the region. South Africa had implemented various levels of lockdown measures during the 
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pandemic to control the spread of the virus. The 21-day period may have been chosen based on 

its significance as a duration for observing changes in public discourse, misinformation trends, 

and policy responses during a specific phase of the pandemic. Researchers might have selected 

this period to capture a snapshot of Twitter conversations and misinformation dynamics during 

a critical juncture of the pandemic, such as the initial stages of the lockdown, a period of 

heightened public concern, or the emergence of significant events or developments related to 

COVID-19. 

Additionally, the 21-day timeframe likely had practical considerations, such as ensuring a 

manageable scope for data collection and analysis while still capturing sufficient data to draw 

meaningful conclusions. The criteria for selecting specific keywords likely involved a combination 

of relevance to the research topic, prevalence in public discourse, and potential to capture 

relevant conversations on Twitter related to COVID-19 misinformation. Researchers might have 

considered keywords such as COVID-19, coronavirus, pandemic, lockdown, vaccine, 

misinformation, fake news, hoax, conspiracy, and variations thereof. The rationale behind 

selecting these keywords was based on their significance in discussions about COVID-19, their 

potential to capture different aspects of misinformation, and their relevance to the research 

objectives. The researcher identified general COVID-19–related keywords based on manual 

searches on each of the platforms, which included different iterations of COVID-19 

misinformation (for example, COVID-19, COVID-19 misinformation); these keywords were 

converted into hashtags to conduct searches on Twitter. Texts of tweets posts were captured, as 

well as retweets and other metadata including - likes, favorites, comments, replies, use of similar 

hashtags, and associated media, hyperlinks, and metadata of posts. This metadata was used to 

identify any potential temporal trends associated with misinformation posts, and account 

characteristics, and to characterize hyperlinks to external websites that were embedded in 

misleading/misinformation posts. The data collected was populated in the Table in Appendix C. 

 

3.9.  DATA ANALYSIS  

Quantitative research techniques generated a mass of numbers that needed to be summarized, 

described, and analyzed. Characteristics of the data were described and explored by drawing 
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graphs and charts, doing cross-tabulations, and calculating means and standard deviations. 

Further analysis built on these initial findings, seeking patterns and relationships in the data by 

performing multiple regression or an analysis of variance. Advanced modeling techniques might 

eventually have been used to build sophisticated explanations of how the data addressed the 

original question; however, many quantitative research projects would never have needed to go 

that far; the question would have been answered by simple descriptive statistics. (Kraska et al., 

2020).  

This study discussed sentiment analysis, a method used to determine the sentiment expressed 

in text, which could be positive, negative, or neutral. It also highlighted how sentiment analysis 

was sometimes referred to as 'material polarity' or 'mining of opinions.' 

The study then emphasized the growth and advancement of social media platforms, which had 

attracted a large number of users. Specifically, it mentioned Twitter, where users could post 

tweets limited to 280 characters. The concise nature of tweets made them suitable for sentiment 

analysis. Additionally, the statement provided context by mentioning that 550 million tweets 

were posted daily on Twitter. 

 

Overall, the study underscored the significance of sentiment analysis in analyzing user sentiments 

expressed on social media platforms like Twitter, given the vast amount of data generated daily. 

It also highlighted how the characteristics of Twitter, such as the character limit, contributed to 

the feasibility of sentiment analysis. Twitter also represented all age groups of people and 

provided a fair representation of gender; therefore, the sentiment analysis of Twitter data 

became somewhat general sentiments of society (Mandloi et al., 2020). 

This study began by asserting the purpose of qualitative research, which was to delve into the 

intricacies and significance of social phenomena (Pope et al.,2000). It emphasized the qualitative 

approach to understanding complex social dynamics. 

 

Moving forward, the study outlined a methodological approach: data was collected from 

websites and Twitter posts, then filtered for misinformation. It described the subsequent data 

processing steps, including the removal of hashtags and stop-words before engaging in textual 
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analysis. These steps were crucial for preparing the data for further analysis, ensuring that 

irrelevant or potentially biasing elements were eliminated. 

 

The study concluded by highlighting a gap in the researcher's knowledge: the absence of a 

specific training set for detecting COVID-19 misinformation suspects through sentiment and topic 

modeling analysis using Natural Language Processing (NLP). This implied a challenge or limitation 

in the research process, indicating a need for innovative approaches or adaptations to address 

this gap. (Hassan et al., 2020).  

 

3.10.  Research Ethics 

 

Ethical considerations and concerns in these fields were many and manifold. For one, the culture 

of Big Data contributed to the emergence of new health issues, tied to the usage and proliferation 

of digital and algorithmic cultures. Online platforms, such as social media, online web browsing, 

internet searches, forums interactions, as well as data input through smartphone applications, 

also provided access to new types of data that were rendered through digital and computerized 

processes, hence, quantified. New types of data renditions, thus, could be understood and 

rendered biologically (Ashofteh et al., 2020). Ethical approval and consent to participate were 

not relevant to this study. All information collected for this study was from the public domain, 

and the study did not involve any interaction with users. Definable user information was removed 

from the study results. 
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CHAPTER 4: Study Findings and Discussion 

4.1 Study Findings and Discussion 

This chapter presented the results of an analysis of data which had been obtained from Twitter 

Application Programming Interface and Websites using the NLP analysis. The purpose of this 

study was to assess the extent of misinformation during infodemics to address the lack of 

algorithmic accountability. 

The information and knowledge gained, thus, helped to clarify questions and problems about 

algorithmic accountability. 

Python language was used to analyze qualitative data. The findings presented were in line with 

the research aim, objectives, and research questions outlined in Chapter One of the study. The 

chapter commenced with extracted Tweepy from the CSV files which contained the 

conversations, dates, full texts, hashtags, and URLs. The researcher used Spyder Python for 

extracting data from the Twitter API and then used Feedly, which was a news aggregator 

application for various web browsers and mobile devices running iOS and Android; it was also 

available as a cloud-based service. The application was used to compile news feeds from a variety 

of online sources for the researcher to customize and share with others. After filtering for the 

COVID-19 tweets, there were 21 of 508 records. Appendix C represents a Table that consists of 

extracted Tweepy from the CSV files which contain the conversations, dates, full texts, hashtags, 

and URLs. 

Extracted Covid-19 misinformation data tweeted on tweeter: 

Retweet Counts: Retweets indicated the number of times a tweet had been shared by users on 

their own timelines. Political tweets that gained significant attention, contained thought-

provoking or controversial statements, or were shared by influential political figures or media 

outlets, tended to have higher retweet counts. Major political events, such as elections, policy 

announcements, or international conflicts, often generated a considerable number of retweets. 
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Reply Counts: Replies represented the number of responses or comments a tweet received from 

other users. Political tweets that prompted discussions, expressed strong opinions, or asked for 

public input were more likely to receive higher replies. Tweets that were perceived as 

controversial or that addressed sensitive issues tended to generate more replies as they sparked 

debates among Twitter users. 

 

Code 4.1: Filtered columns from excel spreadsheet. 

Code 4.1 is the extraction of filtered columns and rows using hashtags of COVID-19 tweets that 

contains misinformation. 

import pandas as pd 

import seaborn as sb 

import matplotlib.pyplot as plt 

 

# filtered columns from the excel sheet 

columns = ['id','reply_count','retweet_count','created_at','full_text','hashtags/0','hashtags/1','hashtags/2'] 

 

#read data from excel sheet into pandas dataframe 

tweets_df = pd.read_excel("/content/drive/MyDrive/Colab Notebooks/Ramaru Tweets/tweets 

extracted.xlsx" , usecols = columns) 

tweets_df['created_at'] = pd.to_datetime(tweets_df['created_at']).dt.date 

#drop rows with empty columns 

tweets_df = tweets_df.dropna() 

 

#peak at the excel sheet 

tweets_df.head() 

 
#bar-graph for hashtags/0 count 

tweet_count = tweets_df['hashtags/0'].value_counts() 

fig,ax = plt.subplots(figsize = (20,6)) 

ax.set_title('hashtags/0 Count') 

ax.set_xlabel("hashtag") 

ax.set_ylabel("Count") 

ax.bar(tweet_count.index,tweet_count.values , edgecolor = '#0000ff' , linewidth = 15 ) 

 

Graph 4.1: Filtered columns from excel spreadsheet. 
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Graph 4.1. Extraction of filtered columns and rows using hashtags of COVID-19 tweets that 

contained misinformation. 

The researcher investigated the differential diffusion of all the verified misinformation stories 

distributed on Twitter from 2019 to 2021. The data comprised 20 conversation tweets, 16 links, 

and 8 websites in South Africa which were extracted using Python language. The researcher 

classified news as either ‘true’ or ‘false’ using information from the South African Government 

and WHO. According to Vosoughi, Roy and Aral (2018), there is a 70% likelihood that, on social 

media, false, or misinformation will be shared, before factual information (Manene et al., 2023). 

Misinformation diffused significantly faster and more broadly than the truth in all forms of 

information; and the effects were more pronounced for false political news than for false news 

about health organization, science, and financial information. Across two studies with more than 

1,700 U.S, In the study with adults recruited online, evidence was presented that people shared 

false claims about COVID-19, partly because they simply failed to think sufficiently about whether 

or not the content was accurate when deciding what to share (Pennycook, et al., 2020). From the 

results, the researcher found that fake news was more novel than true information, which 

suggested that people were more likely to share novel information. Misinformation inspired fear, 

confusion, and conflict, whereas true information inspired anticipation, sadness, joy, and trust.  

Graph 4.2 represented the number of COVID-19 tweets recorded in a specific day, dated from 

2019 to 2021. 
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Graph 4.2: Number of COVID-19 tweets recorded in a specific day from 2019 to 2021. 

During the COVID-19 pandemic, politics played a significant and crucial role as governments and 

politicians addressed the crisis. Measures taken by authorities, political responses, and debates 

surrounding the pandemic generated a substantial volume of political tweets. 

In 2021, numerous political events occurred worldwide, including elections, policy changes, and 

social movements. For instance, the United States held its presidential inauguration, and there 

were also significant political developments in other countries. These events likely led to 

increased discussions on Twitter about politics. As COVID-19 turned into a full-fledged public 

health crisis, multiple theories regarding the virus’ origin took hold on the internet, all with a 

common theme - the virus was artificially created in a laboratory by a rogue government with an 

agenda. This misinformation originated from social media accounts and websites with no credible 

evidence to support their claims. These posts amassed over 20 million engagements, rising each 

day, and the theories continued to gain traction and following on the internet, despite scientists 
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from multiple nations analyzing the genome of COVID-19 and coming to the decisive conclusion 

that the virus originated in nature from an animal source. (Mian et al., 2020). 

 

Pałka (2018) argued that machine-learning-powered tools can be used to automatically detect 

unclear, open-ended, and conditional statements. This was helpful for consumer organizations 

(often with limited resources) wishing to raise social awareness, rebuke companies, and/or 

potentially notify the regulators. The researcher argued that exposing the scale of the problem 

was necessary to increase social discontent, and that this discontent, properly channeled, could 

be a tool in the quest of having corporations become much more transparent about their data 

practices. 
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CHAPTER 5: Conclusions and Recommendations  

Conclusions 

 During coronavirus disease in 2019, the term ‘infodemic’ was used to depict the abundance of 

information about COVID-19 on social media that may have overwhelmed users, as well as 

misinformation about the virus because of the lack of authentication of information posted on 

social media. Both the WHO and United Nations have warned that infodemics can become a 

severe threat to healthcare if misinformation on social media is not addressed in a timely 

manner (Manene et al,.2023).  

 

The analysis suggested that misinformation about COVID-19 comes in many different forms, from 

many different sources, and makes many different claims. It often rearranges existing or accurate 

content relatively than formulating it on a large scale, and where it is manipulated, it is edited 

with simple tools. Given the breadth of the pandemic, independent media and actions by 

platforms and others played a vital role in addressing virus-related misinformation. Government 

websites and the WHO can help sort false from true material, and accurate from misleading 

assertions.  

 

The findings show that much misinformation, directly and indirectly questions the actions, 

suitability, and legitimacy of public authorities; this includes governments, health authorities, and 

international organizations that suggest it will be difficult for those institutions to address or 

correct it directly without running into multiple problems. For instance - How many people will 

accept as credible a government trying to mock counter-misinformation that casts that very same 

government in a negative light? In contrast, independent fact-checkers can provide authoritative 

analysis of misinformation while helping platforms identify misleading and problematic content, 

just as independent news media can report, credibly, on how governments and others are 

responding to any kind of pandemic.  
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Social media does not regulate health information posted, so there is no way of knowing if the 

sources are reliable, whether the information is accurate, and the originator’s intent when 

posting the information (Manene et al., 2023). 

 

This research analysis also found that prominent public figures continue to play a major role in 

spreading misinformation about COVID-19. While only a small percentage of the individual pieces 

of misinformation in the sample came from prominent politicians, celebrities, and other public 

figures, however, these claims often have very high levels of engagement on various social media 

platforms. The growing willingness of some news media to call out misinformation and lies from 

prominent politicians can, perhaps, help counter this, similarly to the decision taken by Twitter, 

Facebook, and YouTube.  

 

The data used does not capture misinformation from outstanding public figures, still, it can also 

spread extensively through other channels such as TV and newspapers. While fact-checks rarely 

spread, either as widely or in the same networks (Bounegru et al. 2017) as the misinformation it 

corrects, it is imperative that trusted fact-checking and media organizations continue to hold 

outstanding figures to account for assertations they make across all channels so that they can 

find new ways to distribute and publicize their work. 

 

Describing the view and the nature of COVID-19 misinformation as an infodemics captures the 

scale, however, the analysis recommends that there is a risk of mis-characterizing the nature of 

the pandemic. As the results demonstrate, there is extensive diversity in the types of 

misinformation circulating, the claims made concerning the virus, and the motivations behind 

their production. Unlike the pandemic itself, there is no single root cause behind the spread of 

misinformation about the coronavirus, instead, COVID-19 appears to be a contributing factor for 

very different actors with a scope of diverse motives and objectives to produce a diversity of 

types of misinformation about many diverse topics. In this sense, misinformation about COVID-

19 is as diverse as information about it. 
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The risk is in not observing the diversity in the view of coronavirus misinformation but is assuming 

there could be a sole solution to such problems; instead, the findings show that there will be no 

cure for misinformation about the new coronavirus, as a virus is not constant. Addressing the 

spread of misinformation about COVID-19 will take constant integration attempts by 

independent news, media, platform companies, fact-checkers, and public authorities, to help the 

public understand and maneuver this pandemic and others. 

 

Individuals fully understand and accept what data about them is being collected and how it will 

be used; the collection and usage occur in a way ensuring that data is not biased (or de-biased) 

and trained algorithms are deployed in an unfair, discriminatory manner ensuring algorithmic 

fairness.  

 

REFLECTIONS ON THE RESEARCH OBJECTIVES 

The first research objective was - to determine the Influence of Algorithmic Accountability on 

Infodemics. 

It was found that from the literature review, algorithmic accountability influences infodemics 

because from the social networks there are no rules set on how to manage algorithms.  

The second objective was to examine if algorithmic accountability can problematize 

transparency.  

In the literature review, it was briefly shown the complex nature of the models under careful 

examination, and this links smoothly into the third glitch-informed dimension that problematizes 

the concept of transparency, as well as the complexity and irreducibility of the algorithmic. 

Glitches have always been associated with the chaotic and unpredictable aspects of 

computational analyses. The reality of algorithms today is that even for experts the precise 

operations and potential ramifications of an assemblage of algorithms remain obscure. 

Transparency supposes a holistic model of planned codes and instructions that captures all 

possibilities, but the nature of algorithmic mediation complicates such a vision. Even if an 

algorithmic model is made entirely transparent, not all of its potential effects and faculties can 

be inferred from this gesture. The complexity of the algorithmic, along with its autonomous 
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capacities necessarily means that part of its potential remains closed off (Kemper et al., 2019). 

The rapid turnout of new versions, the exponential complexity of algorithmic planning, and the 

exclusive autonomy of the algorithmic are all situations that hamper an effective assessment of 

algorithms and that are not sufficiently remedied by transparency solus. There is, therefore, a 

need for empirical studies of algorithmic models used in practice and the need to assess the 

conditions in which measures of transparency actually yield positive effects by fostering a 

productive relationship with an audience, while also acknowledging the necessary limits of such 

a relationship. Such research can help us to test guidelines for algorithmic accountability. Only 

then can we begin to develop guidelines that are sound and fit within existing practices (Kemper 

et al., 2019). 

 

The third objective was to examine if algorithmic accountability can be realized in practice. 

 

Technological capabilities have advanced, governmental agencies have increasingly delegated 

important administrative decisions to algorithms. Decisions concerning everything, from hiring 

to allocation of public benefits, and even law enforcement, often involve the use of algorithms 

today. These algorithms, however, frequently operate as a black box, making decisions without 

transparency and making it difficult or impossible to assess the accuracy and fairness of their 

performance. In contrast to the robust procedures that exist in many administrative contexts to 

promote the accountability of human decisions in government - from freedom of information 

laws to adjudicatory due process protections and appeals procedures - algorithms largely operate 

today in an accountability-free zone (Need et al., 2022).  

 

The last objective was to propose strategies on how COVID-19 and other pandemics’ 

misinformation can be confronted. 

Based on the literature review, this study aimed to establish the extent of Misinformation during 

infodemics to address the lack of algorithmic accountability on confronting the COVID-19 

pandemic. To better understand COVID-19 misinformation trends, the study analyzed Twitter 

Trends, identifying the infodemic labels circulating in South Africa by observing the titles of the 
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most-read articles and websites between January and March 2020. It defined any term, query, 

hashtag, or phrase feeding misinformation on the internet as an infodemic label. The main terms 

the researcher found includes - South Africa coronavirus, face masks, symptoms of the 

coronavirus, and vaccine for coronavirus. The researcher also found searches with - coronavirus 

conspiracy and coronavirus laboratory - identified as the most dangerous and showing a 

tendency of racism and xenophobia. 

 

CONTRIBUTIONS OF THE STUDY 

This study contributed significantly to the literature on sense-making perspectives on algorithmic 

accountability. The process of decision-making failed many organizations due to a lack of 

guidelines. The identified factors in this study will assist management in organizations to address 

issues related to algorithmic accountability in infodemics and aligned the benefits and 

capabilities of technologies.  

Algorithmic Transparency Requirements: 

Strategy: Enact regulations mandating transparency in algorithms used to disseminate 

information during an infodemic. 

Implementation Plan: Require social media platforms and other information-sharing platforms 

to disclose information about their algorithms, including how content is prioritized, 

recommended, and moderated. Establish standards for transparent reporting on algorithmic 

outcomes and impacts during infodemics. 

Implications: Increased transparency can help identify and address algorithmic biases, 

misinformation amplification, and other risks associated with algorithmic decision-making during 

infodemics. 

Real-time Monitoring and Reporting: 

Strategy: Implement real-time monitoring and reporting mechanisms to track the spread and 

impact of misinformation during an infodemic. 

Implementation Plan: Develop AI-powered tools and algorithms capable of identifying and 

flagging misinformation in real-time. Establish partnerships with fact-checking organizations and 
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research institutions to verify and validate information. Create public dashboards or reports to 

provide real-time updates on misinformation trends and patterns. 

Implications: Real-time monitoring and reporting can enable swift responses to misinformation 

outbreaks, mitigate the spread of false information, and promote public awareness of 

misinformation risks during infodemics. 

Algorithmic Bias Mitigation: 

Strategy: Develop strategies to mitigate algorithmic biases in content recommendation and 

moderation algorithms during infodemics. 

Implementation Plan: Implement bias detection and correction algorithms to identify and 

mitigate biases in algorithmic decision-making. Conduct regular audits and evaluations of 

algorithmic systems to assess their fairness, accuracy, and effectiveness. Provide training and 

resources to algorithm developers and content moderators on identifying and addressing biases. 

Implications: Mitigating algorithmic biases can help prevent the amplification of misinformation, 

reduce the spread of false narratives, and promote the dissemination of accurate and 

trustworthy information during infodemics. 

User Empowerment and Digital Literacy: 

Strategy: Empower users with tools and resources to identify and critically evaluate information 

during an infodemic. 

Implementation Plan: Develop educational campaigns and initiatives to promote digital literacy, 

critical thinking, and media literacy skills among users. Provide users with access to fact-checking 

tools, resources, and guidelines for verifying information. Encourage users to report 

misinformation and share accurate information with their networks. 

Implications: User empowerment and digital literacy initiatives can help individuals make 

informed decisions, discern credible information from misinformation, and contribute to 

combating the spread of false narratives during infodemics. 

Cross-sector Collaboration and Governance: 

Strategy: Foster collaboration among governments, tech companies, civil society organizations, 

and academia to address algorithmic accountability during infodemics. 



 
 

71 
 

Implementation Plan: Establish multi-stakeholder task forces, working groups, or advisory boards 

to develop and implement policies, guidelines, and best practices for algorithmic accountability. 

Facilitate information-sharing, data collaboration, and joint initiatives to address misinformation 

challenges across sectors. 

Implications: Cross-sector collaboration and governance can promote coordination, alignment, 

and collective action in addressing algorithmic accountability during infodemics, enhancing the 

effectiveness and impact of interventions. 

This will be a significant contribution to practice and management as the empirical evidence of 

this study will be used to guide decision-making. 

LIMITATIONS OF THE STUDY 

The study focused on misinformation on the coronavirus pandemic on algorithmic accountability 

during Infodemics. The literature available on the COVID-19 pandemic is mostly available in the 

White Papers, company websites and government websites. Very little literature has been 

academically recorded on algorithmic accountability during infodemics in terms of the COVID-19 

pandemic. This study tested the Technology-Organization-Environment (TOE) to assess 

algorithmic accountability during infodemics, hence, this study will contribute significantly to the 

literature of the sense-making perspective on algorithmic accountability. The process of decision-

making fails many organizations due to lack of guidelines, therefore, the identified factors in this 

study will assist management in organizations to address issues related to algorithmic 

accountability in infodemics and align the benefits and capabilities of technologies. This will be a 

significant contribution to practice and management as the empirical evidence of this study will 

be used to guide decision-making. 

Recommendations 

 

Governments and figures in the media should utilize the knowledge of experts, particularly from 

the Centre for Disease Control and Prevention and WHO, to accurately deliver information in a 

comprehensible and precise manner, not to incite panic amongst the public. The appearance of 

the COVID-19 virus has offered an opportunity for the public and medical-health professionals to 

fight in unity against this common threat. If health bodies appropriately manage, educate, and 
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address people’s concerns, there is an opportunity to bridge the level of distrust that has arisen 

by anti-scientific movements in recent times (Mian et al,.2020). Social media platforms have 

taken steps to mitigate the spread of COVID-19 misinformation by implementing policies such as 

Twitter’s recent ‘COVID-19 Misleading Information Policy’, which prohibits users from using the 

platform’s services to share false or misleading information about COVID-19. Olan et al., (2022) 

reported that societal acceptance of information depends on the verification features available 

on social media platforms. The lack of verification further highlights the need for social media 

platforms to introduce mechanisms that fact-check and verify the information to reduce the 

spread of misinformation.  

In light of the identified negative outcomes of the discussed COVID-19 social media infodemic 

and the spread of misinformation on social media, it can be concluded that there is a need for 

health information management on social media. This study has developed a conceptual 

framework that can be used to mitigate the sharing of misinformation about COVID-19 and other 

pandemics on social media platforms during an infodemic. By implementing the set of developed 

strategies and activities, this framework aims to distribute these activities among stakeholders, 

to facilitate the management of misinformation on social media; despite the validity and 

effectiveness of the findings discovered throughout this study, one major limitation of this 

research is that the data collected is secondary. For these results to be more effective, gathering 

primary data should be facilitated in future studies and research in this field. Gathering 

qualitative data could further facilitate innovative applications to the developed framework and 

possibly allow for the framework’s application in other environments, outside of social media. 

 

The study’s researcher suggests that officials and individuals should consider taking action to 

combat COVID-19 and other pandemics’ misinformation. These are: 

➢ The dissemination of compelling evidence for the practice should continue.  

➢ Developing standards for patrolling social media, catching and convincingly refuting 

misinformation before it has the chance to take root.  

➢ Strategically supplying fact-checking personnel with information that debunks the most 

prevalent misconceptions first, thereby, maximize the use of resources.  
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➢ Supplying conservative outlets with more accurate information through the placing of 

public service announcements, supplying persuasive interview subjects, and promoting 

websites where consumers can find accurate information.  

➢ Encouraging online subscription news outlets to take down their paywalls around COVID-

19 content to make accurate information accessible to a larger audience.
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Appendix    D 

The Table consist of extracted Tweepy from the CSV files which contain the conversations, dates, 

full texts, hashtags, and URLs. The researcher used Spyder python for extracting data from the 

Twitter API and then used Feedly, which is a news aggregator application, for various web 

browsers and mobile devices running iOS and Android. It is also available as a cloud-based 

service. It was used to compile news feeds from a variety of online sources for the researcher to 

customize and share with others. After filtering for the Covid-19 Tweets there were 21 of 508 

records.  
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Appendix D 

How to find stories using Twitter’s API 

➢ Download and install Spyder for free. 

➢ Apply for Twitter developer keys and tokens. 

➢ Add the keys and tokens to your Python script. 

➢ Draft a set of questions you want to be answered from Twitter’s data. 

➢ Add your query – a hashtag or keyword to the script and run it. 

➢ Analyze the data for patterns or outliers. 

➢ Check to see if your questions are answered. 

➢ Consider expanding your research with new keywords and hashtags from the analysis. 
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