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Abstract: Kenya has witnessed a massive growth in social media over the last few years. Thanks to the availability of affordable smartphones and internet bundles, more Kenyans are converging online. On twitter, the voice of #KOT cannot be ignored. They are a group of users who coalesce around a hashtag and push an agenda whether negative or positive. Social media statements and posts are made up of an enormous amount of sentiments which are either classified as positive, negative or neutral. While these sentiments may not be true, they contain a strong sense of personal belief and judgments from the people who post them. The study sought to examine the emotional contagion of #KOT using the #Covid19Millionaires. . Data was collected using the Node XL Twitter Search Network data collector and Brandwatch to get tweets having each of the study blogs hashtags, tweets, retweets, or mentions. The results show that majority of users are strongly connected and reinforced around the same topic. The study findings confirm the emotional contagion theory that people tend to come together when they share the same sentiments. The study recommends more research on persuasions on #KOT as since their emotional contagion is high.
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1. Introduction 

The recent report on social media consumption in Kenya by SIMELAB USIU-Africa shows that 34% of social media users in Kenya use Twitter(USIU-Africa Simelab, 2020). Twitter is a microblogging site that allows users to post their opinions, and their followers can view and respond to the opinions posted. The platform allows for posting up to 280 characters. This allows for hashtags, which can be processed for different applications(Adwan et al., 2020).

 Kenyans on Twitter #KOT refers to the group of Kenyans that can be found on the platform. They are encouraged to share jokes and make their political opinions on the platform(Nothias & Cheruiyot, 2019). Other than political conversations, there have been instances where #KOT has rallied against offensive media reporting. When Kenya suffered a terror attack in 2012 that claimed the lives of six people, CNN published a story claiming that Kenya claimed that the country was in turmoil and was a 'hotbed of terror.' The news sparked reactions, and #KOT responded using the hashtag #SomeoneTellCNN. So heated was the debate on social media that CNN was forced to apologize for the story(Mutegi, 2015). 

The use of hashtags is essential on Twitter since they create ad-hoc groups that form around a topic of interest. It is easier to follow a conversation by following a hashtag since all opinions will be posted using it(Tully & Ekdale, 2014). Social media contains a large amount of copious sentiment loaded sentences(Chong, 2016). The role of #KOT in the social and political stage has grown, and as Nyabola (2016) argues, the African counter-narrative has grown thanks to social media. #KOT has created a new group of users who are ready to dispel misguided notions on the Kenyan context without any fear while at the same time, those in power are forced to appreciate and respond to these comments carefully with an image of approachability. 

2. The problem

Sentiment analysis of social media has gained interest among researchers. Traditionally, approaches to sentiment analysis included Natural Language Processing (NLP) and machine learning techniques(Iglesias & Moreno, 2019). However, with the advances in technology, newer approaches such as Big Data and Deep Learning have impacted sentiment analysis. With regards to texts, sentiment analysis examines the polarity of the texts and checks, whether positive, negative, or neutral.

Tweets posted by people contain much information. The information consists of emotions, thoughts, and sentiments. When examining thoughts, Keltner and Bonanno (1997) posit that when people experience emotions, they would want to share them with others. The people receiving these emotions typically receive them in the form of non-verbal cues, which are described as 'emotional contagion' (Hatfield, Cacioppo, & Rapson, 1993). In their book Hatfield et al. note that emotional contagion is vital in relationships between individuals since there is a synchrony of emotions and feelings of others even without them realizing it. In the realm of social networks, emotional contagion has been found during the diffusion of the happiness process. The diffusion of happiness is described as a form of emotional contagion(Fowler & Christakis, 2008). The emotional contagion theory proposes that related people tend to have similar sentiments or opinions. This study seeks to test the suitability of the emotional contagion theory when examining Twitter data. The study explores to answer the following research question:

RQ1: How does the Twitter network of #COVID19Millionares explain the emotional contagion between related users?

The hashtag #Covid19Millionaires came up when Dennis Okari, a journalist with NTV Kenya, revealed a possible graft scandal worth billions of shillings meant for COVID-19 relief efforts in Kenya. The piece sparked fury among #KOT who demanded arrest and prosecution of all found guilty(Siele, 2020).

3. Methodology

The study used a quantitative research approach that was carried out using quantitative network analysis. Data collection was done in two phases. In phase one, data was collected through social media mining using NodeXL API for quantitative network analysis. The data was collected by importing network data from Twitter to NodeXL for network analysis and visualization. The power of social media increases every day, hence the need to measure it (Struweg, 2018). The Network Overview, Discovery and Exploration for Excel (NodeXL) is a Microsoft Excel add-in template that allows users to generate social network graphs for social media network analysis and visualization. NodeXL can harvest data from different social media platforms, including Twitter, YouTube, Flickr, email, and WWW hyperlinks. NodeXL can analyze Twitter for critical topics, hashtags, and users' networks. The Social Media Research Foundation develops NodeXL.

Messarra ( 2020) is an online communication and marketing consultant who demonstrates the use of Node XL on twitter on his website. NodeXL allows one to import data about a particular topic from the past seven days and/or a maximum of per 18 000 tweets.

 However, the challenge of measuring the power of social media continues unless there are readily available social media analysis tools. One such tool is the NodeXL, a social media analytics tool that uses advanced 'crawling' capabilities over several social media platforms to capture, analyze, and visualize social networks of available public information.

The second phase included the use of Brandwatch, which was vital in determining the overall campaign trends, campaign sentiment, mention, and search reach for the hashtag #Covid19Millionaires. Brandwatch is a digital consumer intelligence company headquartered in Brighton, England. Brandwatch Consumer Research is a social media analytics tool that tracks billions of conversations happening online every day on social media as well as Web 2.0 platforms and allows brands and companies to understand consumer insights, trends, influencers, and brand perception.
4. Results

The following steps are vital in conducting social network analysis using NodeXL on Twitter,(1) Import and clean the data, (2) process the data, (3) calculate and refine the graph metrics, (4) interpret the metrics. 

To answer the research question, the researcher needed to:

i. To identify who are the central users on Twitter who contribute to the #Covid19Millionaires

ii. To analyze the flow of information among the participants of online discussions involving the hashtag #Covid19Millionaires

Data was collected using the NodeXL Twitter Search Network data collector to get tweets having each of the study blogs hashtags, tweets, retweets, or mentions. The NodeXL template was tasked to calculate matrices including "in-degree" and "betweenness centrality" for the hashtag 

From the results, the graph is indicative of more negative sentiment. The total negative sentiment words were 1234 against 905 positive sentiment words, as shown in figure 1.
Figure 1: Sentiment Score of all tweets
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Network Structure Analysis for #Covid19Millionaires
The network structure was analyzed quantitatively and visually by the Clauset-Newman-Moore Cluster layout algorithm and Harel-Koren Fast Multi-scale layout algorithm, reducing visible elements and minimizing the graphs' visual complexity (Smith, Rainie, Shneiderman, & Himelboim, 2014). 
The mined # Covid19Millionaires network structure contained 2851 edges (including 2008 unique edges and 843 edges with duplicates) and 1782 vertices identified using NodeXL. The edges in the study were all presented as directed edges. These mined edges included Replies to, Mentions, Retweet, Mentions in Retweet, and Tweets. Figure 2 shows the network graph according to the Harel‐Koren multi-scale layout algorithm, a visual representation of the overall networked data from the #Covid19Millionaires showing the clusters and indicating the influencers on the social network. Each circle corresponds to a node or Twitter user, the size and opacity are proportional to their betweenness centrality value, while the color corresponds to sub-communities or clusters automatically identified.  The larger circles made of connected nodes represent a group. 

Figure 2: The Betweenness Centrality network structure of #Covid19Millionaires
[image: image2.png]B £ 4 St 6o b5
G55 G56 Gh1 Gh2 GBo abo Gp 6 G
& SeGrsebroese G e

DDIDDDADDD
SRPTTR

DPIINIAI BV,
DIV B





Online discussions' influencers in an online social network structure are the users with many "in-degree" and few "out-degree" links. #Covid19Millionaires is number one in the in-degree and number fifty-two in the out-degree, an indication of opinion leadership. Higher eigenvector centrality indicates quality connections with other users who are well connected. #CovidMillioanires19 has the highest eigenvector among Twitter users in the network structure. "Betweenness and eigenvector centralities have very desirable properties for the location of an actual influencing potential" (Litterio et al., 2017).  From the results, the top user from the #Covid19Millionaires was FarmerTrends. The twitter user FarmerTrends had the largest amount of indegree, which illustrates their popularity. The user also posted the highest betweenness centrality highlights that they were centrally located and reinforced the social connections within the #Covid19Network.

Table 1: Graphic metrics for #Covid19Millionaires

	Blog
	In-Degree
	Out-Degree
	Betweenness Centrality
	Closeness Centrality
	Eigenvector Centrality
	PageRank

	FarmerTrends
	77
	52
	172561.9972


	1
	0.054203
	21.363154


Findings from Campaign #Covid19Millionaires using Brandwatch

Table 2.Top hashtags for #Covid19Millionaires

	Insight
	All Tweets
	Retweets
	Tweets
	Impressions

	#covidmillionaires
	35
	20
	15
	48691

	#kemsa
	7
	0
	7
	6226

	#unga
	5
	5
	0
	986

	#covid19
	4
	1
	3
	4019

	#covid19millionaires
	4
	0
	4
	2786

	#msambweni
	4
	0
	4
	254

	#arrestcovid19thieves
	2
	0
	2
	128

	#biasedkemsascandalprobe
	2
	0
	2
	448

	#covid19millionares
	2
	0
	2
	128

	#murathe
	2
	1
	1
	14301
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Figure 3: Word Cloud for #Covid19Millioanires

5.Recommendations
The study recommends for more research to be done on Social Network Analysis on #KOT and examine persuasions around their discussions. #KOT since presents a group of Kenyan Twitter users who can coalesce around a hashtag and push an agenda, whether negative or positive.

6.Conclusions

From the study findings, the emotional contagion theory is confirmed for the Twitter network of #Covid19Millionaires. This is because the twitter user FarmerTrends shared their thoughts on the #Covid19Millionaired scandal and generated interactions that diffused through their networks and followers.
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