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ABSTRACT

The purpose of this study was to establish the influence of social media platforms on the online
purchase decisions of USIU Africa students during the Covid-19 pandemic. It was guided by the
research questions; How does YouTube influence the online purchase decisions of USIU Africa
graduate students during the Covid-19 pandemic, How does Facebook influence the online
purchase decisions of USIU Africa graduate students during the Covid-19 pandemic, How does
Instagram influence the online purchase decisions of USIU Africa graduate students during the
Covid-19 pandemic, and How does WhatsApp influence the online purchase decisions of USIU

Africa graduate students during the Covid-19 pandemic.

The research design was descriptive correlational, focusing on the influence of YouTube,
Facebook, and Instagram, on the intention to purchase amongst USIU-A graduate students. The
target population consisted of 1086 students who were enrolled at United States International
University Africa in the year 2020/21. Stratified random sampling technique was used, with a
sample size of 384 graduates. Primary data was collected through survey questionnaires. The data
analyzed and synthesized using WarpPLS, SPSS 25, MS Excel. The data was presented using
tables and figures to show the relationship between the Independent Variables You Tube,

Facebook, Instagram and Online purchase Decision.

In the descriptive findings, most respondents agreed with reading recommendations on products
and services from advertisements on online purchase platforms (M=3.79, SD=1.009), reading
about experiences from other people with products and services that interest them on online
purchase platforms (M=3.75, SD=0.944), and using advertised recommendations to buy a product
on online purchase platforms (M=3.75, SD=0.841). The regression model used to assess influence
of YouTube on Purchase Decision showed that YouTube Algorithm negatively affected Online
Purchase decision (p= -0.11, p<0.02) i.e., a unit increase in Algorithm use led to a reduction in
Online Purchase Decision by a negative mean index value of 0.105 at Purchase decision
(R%=0.04). It showed that YouTube Word of Mouth (WOM) positively affected Online Purchase
decision (B=0.17, p<0.01) i.e., a unit increase in WOM use led to an increase in Online Purchase
Decision by a positive mean index value of 0.167 at Purchase decision (R?=0.04). It also showed
that YouTube Social Media Influencer (SMI) negatively affected Online Purchase decision (= -

0.13, p<0.01) i.e., a unit increase in SMI led to a reduction in Online Purchase Decision by a



negative mean index value of 0.125 at Purchase decision (R%=0.04). However, it was determined
from the model that there was no significant relationship between Purchase decision (R%=0.00) for
YouTube (B= -0.06, p<0.13) i.e., a unit increase in YouTube use led to a decrease in Online

Purchase Decision by a negative mean index value of 0.06 which was not significant.

Most respondents agreed with usually reading recommendations on products and services from
friends on online purchase platforms (M=3.05, SD=1.400), being pleased to read about the
experiences other people have had with products and services that interest them on online purchase
platforms (M=4.21, SD=0.520), and usually using rating and reviews by others about products on
online purchase platforms (M=4.25, SD=0.506). The regression model used to assess influence of
Facebook on Purchase Decision showed that Facebook Algorithm negatively affected Online
Purchase decision (p=-0.09, p<0.04), i.e., a unit increase in Algorithm use led to a reduction in
Online Purchase Decision by a negative mean index value of 0.09 at Purchase decision (R%=0.13).
Word of Mouth (WOM) positively affected Online Purchase decision (f=0.28, p<0.01) i.e., a unit
increase in WOM use led to an increase in Online Purchase Decision by a positive mean index
value of 0.28 at Purchase decision (R?=0.13). Social Media Influencer (SMI) negatively affected
Online Purchase decision (= -0.14, p<0.01) i.e., a unit increase in SMI led to a reduction Online
Purchase Decision by a negative mean index value of 0.14 at Purchase decision (R?=0.13). It was
determined from the model that there was a significant positive relation between Purchase decision
(R?=0.24) for Facebook (p= 0.49, p<0.01) i.e., a unit increase in Facebook use led to an increase

in Online Purchase Decision by a positive mean index value of 0.49.

Most respondents agreed with relying on celebrities/influential persons’ recommendations to buy
a product when intending to purchase on online purchase platforms (M=3.83, SD=1.041), relying
on celebrities/influential persons’ rating and reviews about products to make online purchase
decisions when intending to purchase on online purchase platforms (M=3.71, SD=0.929), and
using advertising from celebrities/influential persons for acquiring information about a product
when intending to purchase on online purchase platforms (M=3.73, SD=0.924). The regression
model used to assess influence of Instagram on Purchase Decision showed that Instagram
Algorithm positively affected Online Purchase decision (= 0.09, p<0.03) i.e., a unit increase in
Algorithm use led to an increase in Online Purchase Decision by a positive mean index value of
0.09 at Purchase decision (R%=0.30). Word of Mouth (WOM) negatively affected Online Purchase



decision (B=-0.21, p<0.01) i.e., a unit increase in WOM use led to a decrease in Online Purchase
Decision by a negative mean index value of 0.21 at Purchase decision (R>=0.30). Social Media
Influencer (SMI) positively affected Online Purchase decision (B= 0.41, p<0.01) i.e., a unit
increase in SMI led to an increase in Online Purchase Decision by a positive mean index value of
0.41 at Purchase decision (R%=0.30). It was determined from the model that there was a significant
positive relation between Purchase decision (R?=0.28) for Instagram (p= 0.53, p<0.01) i.e., a unit
increase in Instagram use led to an increase in Online Purchase Decision by a positive mean index
value of 0.53.

The regression model used to assess the combined effect of the independent variables showed that
Facebook positively affected Online Purchase decision i.e., a unit increase in Facebook use led to
an increase in Online Purchase Decision by a positive mean index value of 0.24 at Purchase
decision (R?=0.31). Instagram positively affected Online Purchase decision i.e., a unit increase in
Instagram use led to an increase in Online Purchase Decision by a positive mean index value of
0.36 at Purchase decision (R?=0.31). However, in the combined analysis it was concluded that the
relationship between Purchase Decision and YouTube did not have a significant influence since

its p-value was greater than 0.05 at Purchase decision (R%=0.31).

This study established that YouTube had a negative effect on the Online Purchase Decision for
USIU graduate students during Covid-19 that was not significant. However, Facebook and
Instagram had a positive effect on the Online Purchase Decision for USIU graduate students during
Covid-19 that was significant. This study concluded that the effectiveness of social media was not
only in understanding consumer base but also in tailoring posts on the understanding of each
application’s strengths. This was due to the fact of Algorithm, WOM and Social Media Influencer
elements had positive and negative effects on the Online purchase Decision. Therefore, this alluded
to the fact that effectiveness in the use of Facebook and Instagram leaned not only on the quality
of the posts but the compatibility of the message with the element of the application chosen i.e.,
Algorithm, Word of Mouth or Social Media Influencer.

The study recommended that the three platforms had strengths that should be harnessed not only
for purchase decision but across the board on matters persuasion. YouTube was an interesting
platform for corporate communication, as it dealt with social video, and it was the world’s largest

video sharing platform. Facebook’s influence-power as the highest used application could be

Vi



harnessed by the government agencies to educate and aid in implementation of policy and
governance. SMEs should take time to study and understand the use of the Instagram Algorithm
in their daily transactions since understanding the Instagram Algorithm could increase their reach

and further influence the purchase decisions of their intended consumers.
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CHAPTER ONE
1.0 INTRODUCTION

1.1 Background of the Study

When people face a problem, they search for a solution. However, in most situations people do not
know which product or service will solve their problem. Clootrack.com, (2020) opined that since
54% of social browsers used social media to research products, a large section of the audience got
to know a brand through the content that was distributed on social media. Sharma (2020) postulated
that in the age of speed, complexity, and competition, effective communication to your consumer
was paramount. The element of influence required for purchasing to take place was reduced when
consumers did not know about your product, therefore it was not possible for them to make contact
and buy the product.

Consumers need awareness about a brand and it’s offering so that when they narrowed down their
choices, social media influenced their choice. Alonso-Almeida , Bremser, and Llach, (2015)
highlighted that development of successful strategies meant a difference between survival and
insolvency. Their research pointed to strategies based on seeking new markets and customers
resulting in the maintenance of income. Strategies to add value among existing customers similarly
achieved a similar outcome. Therefore, understanding the influence of social media on intention
to purchase was most relevant in the uncertain Covid period. The unprecedented market conditions
in Kenya required all industry players to develop social media strategies that could retain their

organizational presence.

Bonson, Bednarova, and Escobar-Rodriguez, (2014) noted that having a corporate YouTube
channel without utilizing its features and engaging with stakeholders was a missed opportunity.
Duffet, (2014), identified that many organisations held the mistaken belief that simply establishing
a Facebook page and posting content occasionally, would result in an increase in sales. He
reiterated that social media must become a fundamental part of the organisation’s overall
marketing communication strategy and activities in order for it to yield full potential. Social
media’s multiple avenues for passing company information presented interesting tools for effective

business communication.

For businesses to influence the consumers, businesses needed to tailor their communication to

target the correct consumer. Wael Sha. and Mohammed (2018) opined that social media’s



structural variations around access and visibility, required individuals to declare their relations on
joining a social media platform. The medium of choice identified people they are bound together
to into categories such as “Fans,” “Friends” and “Contacts.” Most social media required a bi-
directional or two-way confirmation message for friendships. Some of the one-directional relations
were named “Followers” or “Fans.” Therefore, by understanding the influence element on social
media to intention to purchase, businesses could appreciate tailoring their influence along the
presented relations. This influence would not only stop at the target consumer, but also their fans,

and followers, or followers and the follower’s peers.

Mantz and Muigai, 2019, estimated that most cellular networks would offer super-fast 5G Internet
on phones, and airlines would feature free Wi-Fi access 3 by 2023. Regardless of the time of day
or place, customers would want to contact businesses. Most likely, their first choice would be
through social media channels. Therefore, by understanding the influence of social media
platforms on intention to purchase, companies would be able to adapt to the dynamic market
requirements and adjust their communication to the current social trends. Those that failed to do

so, would miss out on potential consumers who would dialogue with other brands.

The need to understand this influence on intention to purchase, would ensure attractive and
informative content that glued customers to a brand. Klein (2020) percieved the dramatical change
on how customers communicated with brands. Rather than being passive recipients of information,
modern customers actively co-created brand meaning through social media channels Facebook,
Twitter, or YouTube. Peer-to-peer media, consumer reviews, social media activities and word of
mouth (WOM) represented equally important sources of brand information. Clootrack.com,
(2020) highlighted that people used social media to; share their experiences as customers, product
reviews, information about a service, advice on food or health, warnings about products, tips on
using certain products, etc. It was from these platforms that people gained connections. It was this
information that would influence consumers and their buying behavior. Therefore, constant

dialogue between the customer and brand was essential to keep a strong relationship.

Magicalkenya’s, (2020) influence strategy to increase Tourism and Wildlife in Covid Kenya
included the launch of a virtual tour live stream campaign. This was achieved primarily through
You Tube and other social media platforms in June 2020. A virtual tour aimed to showcase game

safaris in some of the parks and reserves across the country. With travellers, locally and abroad,



confined to their respective homes due to Covid-19, this strategy aimed to meet demand for indoor
activities and exploration which was on the rise. Magical Kenya had taken advantage of their social
media platforms to provide consumers with avenues for interaction with the expedition, asking
questions, and a chance to explore Kenya virtually from the comfort of their homes. The ministry’s
efforts were trying to sustain local businesses and keep the jobs that were suffering in the tourism
sector. Therefore, by understanding the influence of social media on intention to purchase, Kenyan
businesses could identify social media channels that had the desired reach to their desired

customers, even in a pandemic.

1.2 Statement of the Problem

Chung and Muk’s, (2017) study implied that attitude toward product messages on social media
were strongly related to social media needs such as interaction and information. Active interaction
and useful information on social media created positive perceptions toward product messages on
social media. Also, the positive relationship between attitude toward social media marketing
messages and online shoppers’ impulsive shopping behaviour increased consumers’ hedonic
shopping values. Social media usage in marketing practices needed more research in terms of

consumer behaviour, perspective, lifestyle, and new technology adoption.

Oxford Business Group (2020) found that the Kenyan government systematically imposed strict
quarantine and social distancing measures had increased technology use, in lieu of physical
transactions. This new business environment had forced organizations across all sectors to adapt
to a digital re-orientation as their new normal. These measures aided an increase in the e-commerce
sector activities as Kenyans shifted to online purchases. Local platform GoBeba, had reported
gross merchandise value tripling in the three weeks following the first reported Covid-19 case in

Kenya, driven by sales of household essentials.

Mastercard.com’s,(2021) consumer spending study revealed that nearly 79% of surveyed
consumers in Kenya were shopping more online since the onset of the Covid 19 pandemic. With
fewer opportunities to browse in the mall or on the high-street, social media emerged as the main
platform for finding the most attractive products and offers, with 78% and 56% of respondents
saying they discovered new sellers through Facebook and Instagram respectively. 80% of typical

in-store bargain hunters said they spent hours searching different sites to find the best deals.



Magero, (2020) pointed out that it was important for companies to embrace social media and
actively engage their customers. The most popular websites in Kenya were Google, YouTube,
WhatsApp, Facebook. A guaranteed 8 million users could be reached by Facebook ads, it was the
best platform for businesses to influence customers and/or acquire new customers which could
increases sales. The most searched keywords included tutorials on YouTube, where the consumers
got explanations for different concepts. WhatsApp had overtaken Facebook in usage because of
its ease of use and for some, it was the basic means of communication. Different content formats
also allowed businesses to be creative and interactive, and they could share the same adverts to

Instagram through Facebook, increasing the overall influence reach

Belanche, Cenjor, and Perez-Rueda (2018) highlighted that existing literature on social media
influence had primarily focused on Facebook as the prototypical leading social medium. Newer
social media platforms, such as Instagram were yet to be discussed. They highlighted that the scant
research comparing advertising across social media platforms had not considered the distinctive
features of the newer social media formats. Researchers had focused exclusively on enhancing
consumer engagement on social media and had not compared specific measures of advertising
effectiveness across platforms. Belanche, Cenjor, and Perez-Rueda, had raised the gap for

inclusion of other social media that could help validate their hypotheses in different contexts.

Laksamana, (2018) opined that despite popular use of social media in marketing, the lack of
understanding on the impact of social media marketing in various products and services needed to
be explored. Hence, more a comprehensive study on multi-various social media sites was needed.
SIMElabAfrica, 2019 advocated for rigorous academic research in data collection and analysis in
Kenya. There were several digital platforms and mobile solutions that had been launched but there
was not enough data available to provide a scope of when and what Kenyans consumed online and
through social media. This information would be useful for policymakers and the private sector to

design policies according to the needs of citizens.

‘Tayo, Adebola, and Yahya, (2019) showed that social media platforms used by undergraduates,
included WhatsApp (97%), Facebook (85%), Instagram (65%), YouTube (62%), Twitter (25%),
LinkedIn (21%), Google Plus (15%), Snapchat (10%), and Skype (7%). Further, undergraduates
spent an average of 2-3 hours daily on social media, and their perceived purposes of social media

usage included: socialisation (83%), information (74%), academic (73%), business (68%), and



entertainment (61%). Their study concluded that the most familiar and commonly used apps
included YouTube, Facebook, WhatsApp, and Instagram. Carter and Yeo’s (2015) results showed
that the two most popular apps cited as “addictive”, were Facebook and WhatsApp. Their findings
suggested that students were not easily influenced by advertising and promotional messages since
they were afraid that they might contain scams and bugs. However, whilst undergraduates did not
trust these messages, the postgraduates were inclined to trust the Apps for information, but not
necessarily as an only source for the basis of use. Slightly contrary to the post graduate response
to repeat use, they did indicate that repeat use was likely if the promotional message were strong.
Therefore, the postgraduate students at USIU-A campus presented the ideal demographic for this

study.

From the 68 nationalities in the USIU-A student population of 6323, aged 16 — 73 (usiu, 2021),
this study aimed to understand the role of social media platforms in the influence of online
purchase decisions. Magero, (2020) had stated that out of the 98% of Kenyans who had access to
mobile phones, 88% had smartphones which they used to access the internet and especially social
media. These were individuals between the ages of 16 and 64 to whom social media was now a
basic human activity. Averagely, the individuals spent 3hours and 22min per day using social
media and this represented a big share of their mind and time. The postgraduate population
provided a positive indicator to the potential for social media platforms as a strategic influence
tool, and competitive advantage.

Therefore, understanding the influence of YouTube, Facebook, Instagram, and WhatsApp on
online purchase decisions of USIU Africa graduate students during the Covid-19 pandemic,
provided a significant stride for a country yet to fully comprehend and appreciate the digital
platform on consumer intention to purchase. This understanding would be pivotal to the country’s
resilience, where over 80% of businesses were micro, small, and medium-sized enterprises
(MSMEs) and generated around 75% of all jobs and 30% of Kenya’s annual GDP
(OxfordBusinessGroup, 2020).



1.3 Purpose of the Study
The purpose of this study was to establish the influence of social media platforms on the online

purchase decisions of USIU Africa students during the Covid-19 pandemic.

1.4 Research Questions
1.4.1 How does YouTube influence the online purchase decisions of USIU Africa graduate
students during the Covid-19 pandemic?

1.4.2 How does Facebook influence the online purchase decisions of USIU Africa graduate

students during the Covid-19 pandemic?

1.4.3 How does Instagram influence the online purchase decisions of USIU Africa graduate

students during the Covid-19 pandemic?

1.4.4 How does WhatsApp influence the online purchase decisions of USIU Africa graduate

students during the Covid-19 pandemic?

1.5 Importance of the Study
1.5.1 Kenyan Policy makers

Establishing the influence of social media platforms on online purchase decisions could aid the
Kenyan government to determine tax generation avenues based on the online trends of its citizens.
The policy makers in government would also be able to select the best platforms to pass

information to the desired targets e.g., National health-based campaigns.
1.5.2 SMEs

Duffet, (2014) pointed out that Millennials’ social media usage was of particular interest to
organisations and managers. It could provide an indication of how these consumers would behave
in the future, as well as their perceptions towards brands. Therefore, this study could help business
owners small and large, appreciate the role of influence the social media platforms play in the

decision to purchase by their target consumers.
1.5.3 Other Researchers

This study aimed to help scholars find interest in social media platforms and hopefully go further

into social media studies that could aid in appreciation and regulation of electronic communication.



Social media became imperative for global marketing, and yet many articles concentrate on social
media attitudes and usage of Millennials residing in developed countries. Duffet, (2014) had
highlighted that social media attitudes and usage differed among Millennials from emerging
countries when compared to their wealthier counterparts. This was owed to technological
infrastructure and different cultures. This study hopefully could inspire other researchers to study

the influence effects of social media platforms in middle-income to low-income countries.

1.6 Scope of the Study

Kenya’s smartphone penetration and internet usage in the Africa was at 91% compared to Africa’s
80% as of March 2019. Namunwa (2019) established the smart phone was key to most transactions
and social media activities. Jumia Kenya, an online shop in Kenya had 70% of their traffic coming
from mobile phones while 50% of payments through the mobile in the same period. At a population
of about 51.58 million, approximately 43.3 million Kenyans had access to the internet.
Theoretically, every minute, over 4 million people in the world responded with the ‘like’ button to

content on Facebook, over 1.5 million on Instagram, and millions more on other platforms.

Therefore, the study was limited to 1,086 USIU Africa graduate students in session during the
period year 2020-21. The study focused on this sample since they had access to internet, had the
skills to use social media, and had the resources to make purchases via online platforms. This
group was easier to contact, and they were more inclined to participate objectively. Since they had
some level of understanding of social media, they could readily use social media platforms. While
most studies had explored the influence of a social media platform, this study was limited to four
social media platforms, namely YouTube, Facebook, Instagram, and WhatsApp.

The data was collected in the months of April to June 2021. The response rate was slow at onset
but through social media platforms WhatsApp, Instagram, and Facebook, the link was easily
accessible to the sample which increased overall participation.

1.7 Definition of Terms

1.7.1 Social-Media

A network, wherein we share our ideas, present our likings and dislikes, and influence the people
and get influenced by the people, shaping their behaviors. Social media is not only influencing the
lives of people but also the performance of the organizations (Wael Sha. & Mohammed , 2018).

1.7.2 Purchase Intention



This is defined as the possibility of consumer in purchasing product or service in a near future.
(Laksamana, 2018)
1.7.3 Online Purchasing

This is the conducting of business transactions over electronic or computer network including the
internet (Gamal Mohamed Shehata, 2019)

1.7.4 YouTube

This is the world's largest platform for creating, sharing and discovering video content.
(Covington, 2016)

1.7.5 Facebook

This is a digital communication platform that was created by Mark Zuckerberg in the year 2004 at

Harvard University.
1.7.6 Instagram

This is a mobile app (i0S and Android) that enables users to instantly turn their mobile snapshots
into visually appealing images, which are then shared with others on the network (Youngjoo &
Jisu, 2019).

1.7.7 WhatsApp

This is the leading MIM application, Mobile instant messaging (MIM) which are among the most

influential of current technologies in people’s lives (Cruz-Cardenas, et al., 2019).

1.8 Chapter Summary

This chapter presented the background of the study. It highlighted the purpose of the study,
presented the research questions, and outlined the importance of the study. Chapter two provided
a review of literature which helped define the problem and purpose, as specified in the research
questions. Chapter Three presented the research methodology and data analysis. Chapter four
presented the findings from the collected data. Chapter five presented the discussion, conclusion,

and recommendations of the study.



CHAPTER TWO

2.0 LITERATURE REVIEW

2.1 Introduction

This chapter used literature precedents of influence of social media platforms on online purchase
decisions. It sought to distinctively explore previous studies on social media platforms and
influence on online purchase decisions. It had four sections namely, review of Influence of
YouTube on online purchase decisions, review of Influence of Facebook on online purchase
decisions, review of Influence of Instagram on online purchase decisions, and review of Influence

of WhatsApp on online purchase decisions.

2.2 Influence of YouTube on online Purchase Decisions

Jawed Karim, Steve Chen, and Chad Hurley started YouTube in 2004 after noting there was no
platform for video sharing. Their idea received a $11.5 million investment in 2005. YouTube
launched in December 2005 after the first ever video 'Me at the Zoo’, building up to a Nike
commercial that became the first video to receive one million views. Google then acquired
YouTube less than a year later for around $1.65 billion. In 2010, ads were introduced, and the site
was hitting 3 billion daily views mid-way through 2011. Gamers and vloggers took the opportunity
to earn a living simply by posting videos onto YouTube, receiving revenue from ads and
supporters. The first video to hit one billion views was in 2011 and shortly after the site announced
four billion daily video views. 2012, YouTube’s growth made it a multi-billion-dollar company.
Statistically, YouTube has over 5 billion videos watched each day, 1.3 billion people using the

site, and 300 hours of video uploaded every minute (Exford, 2016).

Bonson, Bednarova , and Escobar-rodriguez, (2014) highlighted technologies like YouTube
enabled companies to enhance their corporate communication and online appearance by
emotionally engaging with their users. Since social media allowed multiple avenues for
disseminating company information (graphics, pictures, videos), it represented interesting tools
for effective business communication. Psychologically, video was a powerful medium because it
combined sight, sound, motion, and emotion to reach our senses and our psyche. For that reason,
video could be more influencing than other media types, and that is why it was used in business
communication. YouTube was an interesting platform for corporate communication, as it dealt

with social video, and it was the world’s largest video sharing platform.



Smartphone applications have gained popularity for information among the people. Jamaluddin et
al (2014) found that, applications were focusing on local businesses, organizations, and non-
profits. These groups were finding successful ways to provide information, engage in sales, and
marketing activities using mobile content. Although the business could be seen on a website, it
was more effective when the businesses engaged with the viewer on the mobile website. Their
products could directly be promoted to all customers since they used their smartphones all the
time. Customers could view their products online and purchase them from their smartphone

applications.
2.2.1 YouTube Algorithm

A business may wonder why their content was not always readily available to all consumers on
YouTube. What these business forgot, was that as much as their communication efforts were based
on the strategies of their businesses, YouTube was a business. Its own objectives and mechanisms
manage content to keep their consumers entertained, engaged and consistently coming back for
content. Covington’s (2016) paper on the the mechanics of YouTube, summarized YouTube’s
success to highly specialized distributed learning algorithms and efficient serving systems. These
were essential for handling YouTube’s massive user base and video repository (video corpus) i.e.
over 300 hours of video uploaded per minute. YouTube’s recommendation system was responsive
enough to model newly uploaded content as well as the latest actions taken by a user, thereby

balancing introduction of users to new content and older videos.

The YouTube algorithm comprises of two neural networks, candidate generation and ranking.
Covington’s (2016) broke down this system of neural networks stating that the candidate
generation network takes events from the user’s YouTube activity history as input and retrieves a
small subset of videos from the central video repository. The videos presented were intended to be
generally relevant to the user with high precision. The candidate generation network only provided
broad personalization via collaborative filtering. The similarity between different users was
expressed in terms of features i.e., IDs of video watches (the unique identification code of the
videos you have watched), search query tokens (previous searches you have entered in the search
engine) and demographics. The content presented to the user being a few best recommendations.
The network can distinguish relative importance among videos with suggestions based on your

search and viewer history.
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According to Covington’s (2016), the ranking network assigned a score to each video according
to desired relevance to the user. The system used a rich set of features describing the video and
user. The highest scoring videos i.e., the ones a viewer is most likely to watch, were presented to
the user ranked by their corresponding score. This two-stage approach to recommendation allowed
YouTube to make recommendations from a repository of videos while still being certain that the
small number of videos appearing on the device are personalized and engaging for the user.
Furthermore, this design enabled blending videos generated by other sources, suggesting videos a
viewer may want to watch even if they have not interacted with them prior. The algorithm is a
sorting system generally skewed towards consumer preference. This meant that the production of
videos did not simply equate to the organization’s video being pushed to their consumer. The
algorithm had a higher preference for “organic” content where organic stands for original content
generated for general consumption and with little to no ulterior motives e.g., pushing commercial

agendas.

Ali (2017) forecasted 80% of all web traffic would be claimed through video by 2019. Since video
consumption on mobile devices doubled every year based on numbers from YouTube. She
reiterated that YouTube was the second largest search engine, after direct Google searches.
Processing more than 3 billion searches per month, people were turning to YouTube to find
solutions to their problems i.e., looking for tutorials and other information in video form to address
their pain points. Short films, webinars, how-to videos, and other informational video content
could all be great tools for raising awareness and improving perception of your brand. YouTube’s
ease of consumption, emotional impact and viral potential made it an ideal medium for influence.
Therefore, strategical alignment of business communication to YouTube’s objectives was

paramount for success on this platform.
2.2.2 Word of Mouth (WOM) and Electronic WOM (eWOM)

eWOM encompasses unpaid, organic communication by consumers who voluntarily act as brand
advocates due to positive prior experiences with brands. Brands often utilize paid eWOM to
amplify brand messages through opinion leaders, in a process known as influencer marketing
(Nathaniel, Phua, Lim, & Jun, 2017).

WOM is one of the mediums most influencing consumer’s buying behaviour. Mohan, Nagadeepa,

and Bharathi (2020) opined that, because of the strides in technological advancement, informal
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communications were now discussed over the various internet platforms. Active and passive
consumers could easily obtain and share information about goods and services. Since eWOM
reviews are written, they persisted over time and could be viewed by anyone, anywhere, and at
any time. They emphasised that consumers gave referrals particularly to their friends or relatives.
Involved customers processed more information, hence they were more probable to seek and
contribute to product-related information, than non-involved customers. Due to involved
customers’ expertise and interest, other persons recognised them as being knowledgeable and
asked them for advice. Satisfied customers engaged in greater WOM than the customers who
experience moderate levels of satisfaction. Therefore, customers were more likely to refer a

provider that they had confidence in leading to influence.

Klein’s (2020) assessments identified that based on past purchase experiences and encounters with
marketing campaigns by brands, the pre-purchase stage significantly shaped the relationship
between the firm and the customer. This stage is characterized by customers’ information search.
They gather information from company controlled and peer driven sources in traditional and digital
media channels. Paid media (company-controlled information) encompassed activities undertaken
directly by the company or its agents, such as TV advertising, online advertising or sponsoring.
Earned media (peer driven media) referred to indirect encounters with the brand through other
customers or third parties such as word of mouth (WOM), consumer reviews and published
content. Where company-controlled advertising previously dominated, peer-to-peer media;
consumer reviews, social media activities and WOM, now presented more if not equally important

sources of brand information.

Underlining the importance of word of mouth, Patel (2019) reminded us that we trust our family,
friends, and even strangers more than we trust advertisements and brands. Referral marketing
could take many forms, but it was generally a way to get your biggest fans to help spread the word
about your brand. Referral marketing turned your current customers into brand advocates. We are
influenced by recommendations, reviews, testimonials, social conversations, and most importantly
referrals. A word-of-mouth impression was proposed to drive at least five times more sales than a
paid impression. Customers acquired through word of mouth spent twice more and made twice as
many referrals. Referrals converted 30% better and had a 16% higher lifetime value than leads

acquired via other channels. Word-of-mouth and referral marketing were cost effective, powerful,
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and trusted. When we had a good experience with a brand, product, or service, we were more than
happy to share it with others. Recommendations and referrals were not only useful, but crucial if
you want to stand out from the crowd. Consumers were actively looking for them, and they could
be the key differentiator between two otherwise similar products or brands. Bundled with the
emotions generated via video content, influence could be made more effective via YouTube,

increasing brand awareness.

When consumers identified a need to buy, they started their decision-making process with initial
consideration from of a set of brands. Klein (2020) further revealed that exposure across paid and
earned media increased brand purchase likelihood beyond what could be achieved by exclusive
exposure to paid or to earned media alone. Diversifying a media budget across paid and earned
media on YouTube could lead to greater brand purchase likelihood. The argument being that
inability to assess quality levels prior to purchase due to a lack of information, could prevent

customers from buying a product or service.
2.2.3 YouTube Influencers and Paid Advertising

Product reviews were everywhere and were vital in building trust with customers. VARStreetinc
(2020) opined that they not only increased conversions on the eCommerce stores, but they were
also great for driving traffic to a website. Brands had realized that a product review, especially
from an influencer, was very effective in increasing brand awareness. In the United States, product
ratings and review grew to become a major factor influencing internet users when deciding where
to purchase online. YouTube being the most used platform to search for a product review since
people preferred watching videos over reading. Product review videos added more credibility than
an advertising video. 90% of people surveyed had discovered new brands and products on
YouTube, 55% went to YouTube to learn more about a product before buying it, 50 % of electronic
shoppers purchased a product they discovered on YouTube and 70% open to learning about
products through YouTube videos by brands. These numbers coming from more than 2 billion

people who used YouTube and spent 1 billion hours daily on the platform.

Curle (2020) stated that earned communication channels took the shape of collaborations on
YouTube. They came in the form of tutorials, fun activities with other YouTubers within the same
niche, interviews on relevant topics and exciting challenges and contests. Collaborations could

increase loyalties as they sparked and generated more interest in a niche and topic. Even simple
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actions as wearing merchandise in videos not only promoted a brand but also influenced fans to
want to wear that a brand. For example, Meejmuse had created monthly videos that reviewed her
favourite beauty products. She had discussed why she loved a product and demonstrated the
colours and features during her video. She introduced her audience not only to the brushes in her
Shopify store, The Muse Beauty, but other beauty products that she discovered as well. She
included links to the other products in her description. This helped to build trust with her audience.
They did not feel as though she was only promoting her store and out to make money (Curle,
2020).

It is easy to think that influencer marketing is about finding an individual with a large following
and endorsing them to say positive things about a brand. SIMElabAfrica (2019) emphasized the
need to employ effective strategies that ensured success for the brand. Success in terms of return
on investment, more followers or engagement for an influencer, without compromising the quality
of their audiences. The key precepts when engaging with influencers were to keep in mind the
“influencer fit”. This is how well an influencer matched up with a product or service. The return
on investment would not materialize if said influencer did not align their voice, purpose, mission,
and existence to the brand’s. The influencer was not influential because they had a large following,
they were influential because they commanded a niche in the space of social media communities.
The work of a brand custodian was to recognize the niche needed to invade and find the leader of
that niche.

A business that aimed to communicate through YouTube, had to factor in if the intended
information was best transmitted through this platform. In as much as there are strengths and
opportunities, the platform was labour intensive, and the algorithm could not necessarily be altered
by the business. Unless the organization took the route of paid advertisements, the only other
easiest organic way of reaching their desired clients was through collaborations with YouTube
influencers (Klein, 2020).

Author, (2018) also reminded us that YouTube could be more time-consuming than other social
networks when comparing writing an update and creating images versus consistently creating new
video content. However, he reiterated that the potential in YouTube was boundless, it could,;
improve brand awareness, engagement, generate more leads and conversions, drive more traffic to

a website and improve sales i.e., influence. This being done via; brand videos showcasing a
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business and its core values, educational and how-to videos, interviews with influencers and
thought leaders in a niche, animated videos, and documentaries i.e., content marketing. After
getting people’s attention, product videos demonstrated what a product could do for a target

audience, and video testimonials further nurtured a channel and business.

2.3 Influence of Facebook and on online Purchase Decisions

Facebook was founded in 2004 by Mark Zuckerberg, Eduardo Saverin, Dustin Moskovitz, and
Chris Hughes. June 2004 more than 250,000 students from 34 schools signed up, and major
corporations such as MasterCard had started paying for exposure on the site. 2005, Facebook
introduced “tagging” people in photos that were posted to the site. 2006, Facebook opened its
membership to anyone over the age of 13. Advertisers were able to create new and effective
customer relationships. Procter and Gamble attracted 14,000 people to a promotional effort by
“expressing affinity” with a teeth-whitening product. With direct consumer engagement possible,

more companies began using the social network for marketing and advertising (Hall, 2019).

Wael Sha. and Mohammed (2018) stated that Facebook requires users to fill a form with
information on username, age, interests, and location for a profile to be generated. It then allows
users to publish specific features as unique pages. The platform allows users to enhance their
profiles through modifying the profile’s feel and look, adding multimedia content, and letting users
add Applications. A profile’s visibility differs according to user discretion and the site. Facebook
took the approach where cleared users of the same network could have access to their profiles.
Users could choose not to allow some individuals by using reject friend request option. Therefore,
after making individuals join Facebook, the system asks them to identify people with whom they
are bound together by social relations. Different social media platforms named relations in their
tools along the lines of “Fans,” “Friends” and/or “Contacts.” Although most of the social media
required a bidirectional or two-way confirmation message for friendships as in Facebook’s case.
Yong, et al (2016) found content of a social post plays a critical role in attracting and engaging
customers. They observed drugstore chains offering visually appealing posts with pictures and

survey questions got more engagement and attracted more comments, likes, and shares.
2.3.1 Facebook Algorithm

Cooper’s (2013) work reiterated that it paid to understand how EdgeRank worked. Facebook’s

algorithm that sorts posts in users’ News Feeds is called EdgeRank. Facebook users spent up to
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40% of their time in the News Feed. There three main parts to EdgeRank are namely affinity,
weight, and time decay. Affinity is your relationship with users, meaning that the amount time a
user interacted with a page in the past affected how likely they were to see certain posts. If they
clicked specific links, liked, or commented on specific posts in the past, EdgeRank assumed they
were keen to see more of specific postings, and it gave these posts higher priority in the defined
user’s News Feed. Weight is how much priority EdgeRank gives to a post, based on the post type.
Facebook has a hierarchy of post types since some types garnered more engagement than others;
Photos and videos took top priority, links second, and plain text status updates at the bottom. Time
decay simply meant how old a post is. The longer a post had been on Facebook, the less likely it

would show up in a user’s News Feed.

Facebook is a business, and the clients are the profiles and pages. Montells (2017) viewed the
movements of each Facebook user from making a comment on a photo, liking a post, or posting a
video, as showing the algorithm a user’s interests. Facebook’s objective is to keep everybody
happy, making sure that the clients received only information that was valuable for them. If the
first thing a user did on Facebook was search for posts of family, partners, friends or a favourite
clothing brand, Facebook’s algorithm knew without a doubt that if these publications appeared in
a newsfeed, they would receive more interactions than if other content was shown. Facebook

algorithm leaned toward the quality of the posts.

The news feed ranking order and presentation on Facebook is based on inventory, signals,
predictions, and score. Boyd (2019) broke them down stating, Inventory is how Facebook referred
to all the available content on Facebook i.e., posts from friends, family, groups a user joined, or
pages they had liked. Signals are what Facebook uses to help choose which content went out.
Facebook would give more weight to conversations between people than those between a page
and a person. Predictions is where Facebook uses a profile and previous behaviours to decide what
to show. The algorithm attempts to work out how likely a user is to like or interact with content,
keeping things it thought they would not engage with (non-influential) out of a timeline. Score
refers to a value assigned to a piece of content that would determine its ‘relevancy’ to the user.
The higher the score, the more likely it would appear in the feed meaning content would get
different scores for individual people. However, 27% of people thought the algorithm got them

wrong.
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As of 2020, Facebook continued to update its algorithm, with an emphasis on transparency, privacy
and creating an improved user experience. Digital Marketing (2020) stated that Facebook made
changes to their algorithm that places a far greater emphasis on displaying content from friends
and connections and less material from brands. The social platform could track ‘meaningful
interactions’ of users to get a better idea of what content would benefit users. Therefore, many
brands had to seek ways to create ‘meaningful interactions’ on their branded content so the material
they posted would still appear in their followers’ feeds. Facebook could limit the number of ads a
page can run at once in 2020. Facebook appears to place an increasing emphasis on video content
in its algorithm and adjusting how the videos themselves were ranked. Facebook updated its
ranking criteria to focus on the loyalty of users towards the brand and their videos, how long people

spend watching a video, and the originality of the content in the video.

Facebook’s new ad disclosure feature could let users see why they were being targeted by certain
ads, including the whole trail of how their information got to that point. As a part of Facebook’s
new transparency efforts, the trail could indicate whether they were on a customer list or their
information was sold to advertisers through a third-party, identifying the agency that uploaded the
data. The users could then remove the unwanted advertiser in their Facebook account ad

preferences or request their data to be removed from a list.
2.3.2 Facebook Word of Mouth (WOM) and Electronic WOM (eWOM)

Before social media came into existence, organizations used word of mouth marketing to
communicate with potential consumers. Otiende (2018) opined that Word of mouth marketing is
dispensed through opinion leaders described as individuals who exert an unequal amount of
influence on the decisions of others. “Opinion leader” describes people who were likely to
influence other people in their immediate environment. The information provided by these opinion
leaders is considered by audiences to be more trustworthy than any form of mass advertising. Thus
these opinion leaders are more valuable to consumers when making decisions regarding

purchasing.

Social capital influences consumer decisions and was positively associated with the value obtained
by consumers in social networking sites (SNSs). Cruz-Cardenas, et al. (2019) stated that consumer
engagement was shown to be a powerful concept in understanding value creation. The consumer’s

engagement with the brand could generate; value through purchases made, value through referrals
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of new customers, value through the influence on other consumers (WOM) and, value through the
feedback provided to the company. Additionally, intensity of the use of SNSs lead to greater social
capital and cumulative use of SNSs positively associated with online purchases. They emphasized,
while WhatsApp was associated by its users with the bonding dimension of social capital,
Facebook was associated with the bridging dimension. Where bridging social capital was
generated in large networks linked by weak ties. Bonding social capital was produced in smaller

and more homogeneous networks linked by strong ties.

Difference among cultures could be social media’s function in the consumer decision-making
process. Goodrich and de Mooij (2014) questioned whether social media are viewed as sources of
information, like traditional media, or as influences in opinion formation, like interpersonal or
WOM. They used dimensional models to delineate national cultural values in efforts to explain
and predict behavior. Collectivistic and high-power distance index (PDI) cultures were more
actively engaged in negative WOM with in-group members online than are those in individualistic
and low PDI cultures. Individualistic countries were less likely to use social media for purchase
decisions than were collectivistic cultures. The study also demonstrated that dimensions such as
uncertainty avoidance index (UAI) and long-/short-term orientation, also played a role. UAI and
long-term orientation explained variations in trust in online sources such as search engines. The
findings also suggested important cross-cultural differences between the role of family and friends
through WOM or eWOM and inanimate sources of information such as search engines and

websites.

Consumers’ control beliefs rely heavily on internal and external influences. Carter and Yeo’s
(2015) findings revealed that mobile users are not easily influenced by advertisements and
promotional messages. They can overcome their temptation to purchase any product online. They
likely made an impulse buying decision when their peer recommended it, which probably helped
them reduce their financial burden. They also found marketing or advertising messages annoying,
irritating, time consuming and redundant. Based on this proposition, business organisations and
marketers had to take heed of the variations in perceived consumer attitude and norms exhibited
by consumers from different countries, and distance themselves from “one size fits all” strategies

globally.
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Of the challenge marketers faced when attempting to build strong, desirable brands with
committed communities around them, one was getting consumers to engage and participate in
brand-related activities. Shalom and Yaniv (2017) noted that social networking platforms were
instrumental, as they facilitated the translation of consumer relationships with brands and other
consumers into brand advocacy. eWOM received on digital channels was valued by consumers in
some cases, more highly than primary experience, subsequently influencing product judgment.
Chukwunonso, 1zogo, Nnabuko, and Ogba’s (2020) findings demonstrated that while both WOM
behaviour are influential in stimulating purchase decision, relationship quality components are
better at stimulating eWOM than face WOM. They touted WOM to be truthful and sincere because
they were generated by consumers who did not have vested interests. WOM could be positive or
negative. They established this, through their insights on telecommunication providers, leveraging
their relationship network to generate business referrals.

2.3.3 Facebook Influencers and Paid Advertising

The Middle East and Africa had been predicted to have the highest social media advertising spend
growth of 64% in 2014. Duffet (2014) opined business-to-consumer e-commerce revenue was
expected to an increase by 20% reaching $1.5 trillion in 2014, growth primarily coming from
emerging markets. 2014 figures revealed that the largest online social medium in the world was
Facebook, with 1.32 billion active members, and it was also the largest social commerce site
accounting for 85% of all orders from social media. Mobile social media penetration in the region
had more than doubled to 44% in five years. Radcliffe, Hadil , and Kondo (2019) had established
that 9 out of 10 young Arabs used at least one social media channel every day. Facebook had 187
million active monthly users in the MENA region. Egypt led with 38 million daily users and 40
million monthly users. Half of Arab Youth said they got their news on Facebook daily. Social
media users spent around 2 million more hours daily on Facebook during Ramadhan, which

translated to around 58 million more hours.

Consumers did trust social media more as sources of information regarding brands, as opposed to
traditional tools of marketing communication still used by some brands. Otiende (2018) stated that
for this reason, brand managers presumed that brand communication increased based on user-
generated social media communication done by ‘micro-celebrities’ of social media (the

influencers). Authenticity is what attracted many brands to influencers because they also wanted
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their products to be talked about and made relatable, as a Social Media Influencer (SMI) would do
with other products. Audiences trusted the opinion of the SMIs and therefore used that information

to make purchase decisions, just like the offline opinion leaders.

The rise of the social media influencer was arguably a hallmark of the 2010s. Murage (2020)
opined that what started as an avenue for connecting with friends and loved ones to share
achievements, views on life and politics, had quickly become consumerism. It is estimated the
influencer industry would be valued at $5-10 billion by 2023, based on the average advertising
spend on influencers across three major social networks, Facebook, Instagram, and YouTube. The
model was almost entirely based on trust between the influencer and the consumer. Trust was
fostered by the relatability of the influencer to the consumer and their everyday decisions and
aspirations, especially at lifestyle. The content they posted, branded or not, tapped into the daily
life of the consumer. They saw themselves in the people they followed, with some of their fan
bases growing with them and noting how far they had come since their first post, hoping the same

outcome could be achieved if they followed the template set by the influencer.

Embracing social media, Noor, et al (2015) stated that Facebook could be implemented in any
businesses without significant additional resources. Even small medium enterprises could use it
for their daily transactions at a minimal cost and low level of IT skills. They highlighted that studies
on use of Facebook among SMEs, found it used for objectives such as marketing, communication,
sales, advertising, innovation, problem resolution, customer service, human resources, information
technology, and driving cultural change. SMEs used social media technologies to communicate

with their customers, support internal communication and collaboration activities.

2.4 Influence of Instagram on online Purchase Decisions

According to Blystone (2020) in 2009, Kevin Systrom built a prototype web app called Burbn.
Inspired by fine whiskeys and bourbons, Burbn allowed users to check-in, post their plans, and
share photos. When Mike Krieger joined Burbn, he and Kevin carefully studied leading apps in
the photography category and at that time and saw potential in building an app that bridged a social
media platform like Facebook. Instagram was launched on 6" Oct 2010 and racked up 25,000
users in one day. At the end of the first week, Instagram had 100,000 downloads, and by mid-
December, the users had reached one million. 2012, Facebook acquired Instagram for $1 billion

in cash and stock.
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Instagram’s interface allows individuals to create a free account and upload photos and videos,
editing the media they uploaded with filters, organizing them with location information, and
hashtags. Instagram users can browse other users' photos and videos by searching for hashtags and
locations. The user can also scroll through an aggregation of trending content and interact with
other user's photos and videos. This is done by clicking on buttons that allow them to "like" a post
or add a text comment to a post. When a user "followed" another user, it meant they were adding
that user's photos and videos to their feed. 500 million people had used Instagram Stories every
day as of 2020 (Blystone, 2020).

2.4.1 Instagram Algorithm

Algorithms proved important in selecting what information was considered most relevant to
consumers. It was a crucial feature of current applications in managing participation in public life.
Daalhuizen (2016) stated that algorithms calculate interest, relationship, and timeliness to optimize
the order of posts in the Instagram feed for over 400 million accounts. Instagram'’s previous feed
showed content chronologically, but it was continuously changing post Facebook acquisition.
Instagram’s shift from chronological to algorithmically curated content, following the algorithmic
path of Facebook, penetrated the very fabric of our society and people's everyday lives. The
algorithm is also regarded as a helpful navigation software, it escorts users through huge amounts
of content. But that does not deny the fact that algorithms are far from neutral and have a degree

of control to users' perception.

The Instagram algorithm dictates the order of the posts that users see when they were scrolling
through their feed. Gotter (2019) highlighted this order as based on specific signals i.e., it
prioritizes posts. It pushes the most relevant to the top, giving them most visibility, while other
content ends up further down in a feed. Cooper (2020) focused on the current times of uncertainty,
where attentions were frayed, and brands had to work harder. She stated that there was plenty of
competition with 75% of U.S. businesses marketing on Instagram in 2020, and 90% of accounts
following a business. Daalhuizen (2016) highlighted that before Facebook changed its algorithm,
a brand with a lot of active followers interacting with every post was sure to reach most of their
‘fans'. After changing the algorithm, organic posts only reached approximately 16% of their
potential followers. Without paying for visibility, business and brand content was treated like

regular content and shared the same visibility equation i.e., Instagram’s control element.
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The Instagram algorithm is pegged on three aspects: Interest in content, Relationship with the
person posting, and Timeliness. Daalhuizen’s (2016) stated that interest could be calculated
through Instagram #Hashtags. By creating the ability to add hashtags to photos and add a label to
their picture, has made it possible for Instagram to compile all photos with similar subject or
hashtag. This created big collections of information classified on user generated hashtags. Showing
interest on Instagram can also be done by use of buttons like, “the follow”, “the heart” or
“comment” button. These buttons are iconic shortcuts that can be referred to as social bookmarking
icons, allowing users to share, recommend, like or bookmark content, posts, and pages across
social media platforms. These buttons are data generators which enable the platform to calculate
the buttons as a composite metric. Therefore, following a page and liking every picture calculates
to a higher interest in a specific account in comparison with a single like on one picture. Cooper
(2020) supported this by stating that if users enjoyed certain types of posts in the past, the algorithm
was more likely to show that type of post to them in the future. If a user interacted with verified or
business accounts more, they were more likely to see posts from that type of account. Therefore,

people who engaged with specific posts were more likely to see similar posts.

The interest element had a relationship with the person posting element of the algorithm. Gotter
(2019) opined if a certain user had interacted with a lot of past content from a user, they would be
more likely to see future content from the specified user. This makes continual, repeat engagement
on posts important for building a loyal audience. Cooper (2020) stated that the algorithm bumps
up posts from accounts that a user already interacted with. For brands and creators, this meant that
focusing on community engagement is key. Exchanging DMs (direct messages), tagging each
other in posts, and frequently leaving comments are all actions that indicate a close relationship
between accounts. As well as likes, re-shares, and views. Instagram wants people to spend time on

the app because they enjoyed it in a meaningful way.

Covering timeliness, Gotter (2019) stated more recent posts would be favored and pushed to the
top of the feed, while older posts would show up further down. Daalhuizen (2016) highlighted that
seeing content based on recentness is the idea of instant viewing. The photos on top of the feed are
practically posted 'live’, i.e., the Insta part of Instagram. Without the aspect of time, posts would
remain of equal relevance to a user through the years. Without a feed based on timeliness, a picture
can remain on the first place of the feed forever. By combining these three aspects, the algorithm
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creates feeds which are based on calculations instead of time only. These calculations are produced
by Instagram, there is no choice for users to circumvent it. It is the users of Instagram, that provided

the detailed information which was necessary for the algorithm to even function.
2.4.2 Instagram Word of Mouth (WOM) and Electronic WOM (eWOM)

Wael Sha. and Mohammed, (2018) found that the total number of social media users on earth in
2018 was at 2.7bn and growing. Further evidence that social media users are increasing, and social
media is emerging as the strongest social force. Organizations increasingly realize this fact and are
incorporating social media-related activities in their core strategies. The primary objectives of
online marketing communication include, but are not limited to: creating brand awareness,
generating consumer demand, providing information, stimulating traffic, building relationships,
promoting two-way communication, giving customer service, establishing brand loyalty
(influence), creating WOM, generating leads, and increasing sales. However, Duffet (2014) opined
that many organizations and their brands use social media marketing communications, without
truly understanding the real influence that these digital conduits exert on consumers’ attitudinal
responses. They do not reflect on which usage and demographic variables have a favorable

influence.

Social media websites are naturally appropriate platforms for eWOM hence marketers wish to
interact with customers on these websites. However, despite the efforts of marketers, Erkan (2015)
stated that not all content generated by them get the same response from customers. Some of the
posted content led users to eWOM and spread rapidly, whilst others do not. He observed that the
luxury sector had more product-oriented spread than in the Beverages sector. He noted that
marketers seeking spread of posts in eWOM through more likes, need to be less product oriented
in social media. Rather than using product visuals in each post, they can adopt other concepts that
do not have direct selling intent. However, content by marketers in electronics got more comments
by users, whilst the brands in the Apparel sector got the fewest comments. This meant that people
might require differing amounts of detailed information, about different types of products, to
increase the effect of WOM.

A business should welcome ideas about what people think, i.e., consumer-business relationship,
before launch of a new product or service. Joachim (2017) highlighted that by engaging prospects

and customers on Instagram, one can ask fans and followers on their preferences or features. Thus,
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involving consumers in valuable free market research. By asking for their opinions, this helps
establish credibility, showing the customer’s opinions matter. After seeing their ideas transformed
into reality, the business that engaged consumers early, had more than likely increased their
customer base and WOM marketing. The consumer journey starts at the recognition of the need
and ends with the purchase decision, plus post-purchase activities. Therefore, Belanche, Cenjor,
and Perez-Rueda (2018) opined that intention to purchase is an important indicator of the
persuasive effectiveness, in terms of loyalty, by social media. An additional sign of loyalty, that is
traditionally researched by scholars is; intention to engage in positive word-of-mouth (WOM),
where loyal consumers tended to recommend the brand to motivate subsequent purchase decisions

by other consumers.

A hashtag (#) defines a virtual community of users with the same background, the same interest,
or those involved in the same conversation/task. By adoption of an existing hashtag, a user either
presents his/her interest in a topic or presents his/her intention to obtain a community membership,
or both. Youngjoo and Jisu (2019) highlighted the importance of eWOM through Instagram
hashtag use, by stating that Hashtags were central to organizing information on Twitter, Facebook,
Instagram, and Flickr. Designated by a “hash” symbol (#), a hashtag is a keyword assigned to
information used in searching. The hashtag linked relevant topics and events together, making it
much easier to assess a posting e.g. fashion related postings were easily retrieved by a single click
on the hashtag ‘#fashion’. A hashtag acted as a social bookmark annotating the content being
shared with other users, and assembling the community. Therefore, serving as the symbol of a
community. Hashtags enable users to identify and participate in online chats designated by the tag,

further spreading WOM through the common interest.
2.4.3 Instagram Influencers and Paid Advertising

Social media influencing is identification and use of specific key individuals who hold influence
over potential buyers of a brand or product, to aid in the marketing activities of the brand.
Nathaniel, Phua, Lim, and Jun, (2017) opined that brand community members, and bloggers are
found to significantly increase consumers’ positive brand attitudes and purchase intentions. Social
media-based influencer marketing has become a highly popular way for brands to engage their
consumers online. It is due to its ability to reach a large segment of consumers in a relatively short

period of time, coupled with its low cost compared to traditional ad campaigns.
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Belanche, Cenjor, and Perez-Rueda’s (2018) research asks professionals to note that users exposed
to ads on Instagram Stories, tended to generate a positive predisposition toward the ads.
Consequently, they tended to also generate a positive predisposition to the products and services
offered. The brief, dynamic, and interactive Instagram Stories could be very effective in flash sales
and for other short-term objectives. This is in line with previous research on social media influence
on impulse buying where it was found that Instagram use led to higher consumer impulsive
behaviours than Facebook, Pinterest, and Twitter. Therefore, correct matching of campaign
objectives, targets, and social media platform, was crucial for advertising success.

The evolution of social media has witnessed influencer type of online opinion leaders using
existing platforms like Instagram to not only create and share content, but also to influence the
decisions of their followers. Otiende (2018) stated that brands strategically use Social Media
Influencers (SMIs) to communicate brand messages and products to online consumers, because of
the level of influence they had on social media. SMIs create and share posts with their followers
about products and services they had used or tried. This made it easy for followers to relate to their
content. SMls, differed from brand ambassadors in that they were content creators. This is opposed
to just being the focus of a brand. They advocated for a brand’s product or service out of support
and belief. The fact that they had used the product and could speak on it based on experience, made
them relatable. When an SMI then posts information about a product, it meant that they have used
the product and they recommended it.

Some consumers felt more intent to buy from an endorsement situation, where celebrities
promoted a brand or product through their Instagram account, than through a press announcement
advertising campaign. Loureiro and Sarmento (2018) suggested that the type of endorsement is a
factor that influences the consumers' intention to buy. It is an indication that proximity and ease
with which the product was demonstrated in the celebrity social network, made the
recommendation have greater impact. Their study confirmed the influence of celebrity endorser as
an effective tool for promoting brands in social networks, particularly those celebrities who had a
pro-social behaviour. Therefore, choice of endorser should carefully consider this aspect. Pro-
social behaviour should be the main concerns for brands, since the desire to "follow" a celebrity
depends to a large extent, on the identification that consumers felt with the behaviour. It was

considered as more credible. By segmenting their sample between the masculine and feminine

25



gender, their study proved interesting for the brands in the creation of strategies. The study
identified differences in impact of strategies, aimed at the male and female target audience, through

the perception of the differences of their behaviours.

Otiende (2018) highlighted Sharon Mundia with over 230,000 followers on Instagram, had
scooped significant deals with brands like Samsung among other well-performing brands. Others
like Joy Kendi with 122,000 plus followers had scooped deals with brands like Safaricom, Techno,
Colgate, Ciroc amongst other top performing Kenyan brands. Nathaniel, Phua, Lim, and Jun,
(2017) concluded that influencer advertising represents a growing area that offered fast, targeted
access to engaged audiences that was less expensive than traditional advertising. Among the
marketers who used influencer marketing, 81% judged it to be effective, with 51% believing that
they got better customers and 37% reporting better retention due to consumers trusting influencers
more than traditional ads. While profitable and popular, the criticism existing was that much of
the success was not because the content was inherently better, but because consumers did not

understand that what they were seeing was advertising.

2.5 Influence of WhatsApp on online Purchase Decisions

2009, Jan Koum bought an iPhone and realized that Apple’s App Store was about to spawn a
whole new industry of apps. Jan thought of having statuses next to individual contact names of
people. These statuses would show if you were on a call, your battery was low, or you were at the
gym. He immediately chose the name WhatsApp and spent days on the backend code to sync his
app with any phone number in the world, pouring over listed international dialing prefixes and
updating the application for the hundreds of regional nuances. Each time you changed your status
“Can’t talk, I'm at the gym” it would ping everyone in your network. WhatsApp was unique in
that the login was your own phone number. Jan released WhatsApp 2.0 with a messaging
component and his active users grew to 250,000. WhatsApp gradually brought in revenue by early
2010 and enough to cover the costs and on 19" Feb 2014, Jan signed a $19 billion deal to sell
WhatsApp to Facebook (Olson, 2014).

2.5.1 WhatsApp Algorithm

WhatsApp has grown in attractiveness due to its advantages such as, being able to send real-time
messages to any individual. Though lacking a social media algorithm, WhatsApp (2017) stated

that messages between WhatsApp users were protected with an end-to-end encryption protocol.
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So third parties and WhatsApp cannot read them. The messages could only be decrypted by the
recipient. All types of WhatsApp messages (including chats, group chats, images, videos, voice
messages and files) and WhatsApp calls were protected by end-to-end encryption. WhatsApp
servers do not have access to the private keys of WhatsApp users, and WhatsApp users have the

option to verify keys in order to ensure the integrity of their communication.
2.5.2 Whatsapp Word of Mouth (WOM) and Electronic WOM (eWOM)

WOM is one of the mediums most influencing consumer’s buying behaviour. Mohan, Nagadeepa,
and Bharathi (2020) opined that because of the strides in technological advancement, informal
communications were now discussed over the various internet platforms. Active and passive
consumers could easily obtain and share information about goods and services. Since reviews were
written (eWOM), they persisted over time and could be viewed by anyone, anywhere, and at any
time. They emphasised that consumers gave referrals particularly to their friends or relatives.
Involved customers processed more information, hence they were more probable to seek and
contribute to product-related information, than non-involved customers. Due to involved
customers’ expertise and interest, other persons recognised them as being knowledgeable and
asked them for advice. Satisfied customers engaged in greater WOM than the customers who
experience moderate levels of satisfaction. Therefore, customers were more likely to refer a

provider they had confidence in leading to influence.

The advantages of online purchases through a smart phone, was having wider selection, getting
better prices, and viewing other customer feedback on the same product. Jamaluddin et al (2014)
found that, consumers had plenty time to browse through, and make comparison between products,
without any effort to bring a computer or laptop. This was obviously time saving for those claiming
that they were busy the whole day. Chukwunonso, 1zogo, Nnabuko, and Ogba (2020) highlighted
that, customers rely on online reviews, product ratings, micro-blogs and experiences recounted on;
Facebook, WhatsApp, and other social media platforms, to make purchase decisions. Compared
to face WOM, which had limited reach, eWOM has the capacity to reach millions of people.
Facebook has the “like” and “comment” tools for information-sharing and information building
tool, while WhatsApp has status update, comment, and video upload. These offer customers a

unique medium for sharing their experiences across their contact base.
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eWOM strategies prove to be efficient, since they accelerate purchases by people who would have
bought a product, or induce the purchase by people who had not intended to. Cruz-Cardenas, et al
(2019) considered that, if consumers create value in their lives using WhatsApp, companies could
promote their products as facilitators of this value creation. However, because WhatsApp is
medium high in bonding social capital, eWOM strategies could not work in the same way as in
social networking sites (SNS) with high bridging social capital. Therefore, a business practice
recommendation was to devise a strategy that combines SNSs and WhatsApp. SNSs would help
to generate engagement in consumers and to encourage them to use eWOM on WhatsApp with

their relatives and friends.

Joseph (2020) opined that Facebook may have shelved the idea of ads on WhatsApp, but Adidas
still steamed ahead with its plan to turn the app into a key marketing channel. Adidas had been
using the mobile messaging app to directly chat with customers since 2015. The app was seen by
the company’s marketers, to build hyper-local communities in cities across the world. Now, it was
being used as the main platform for global campaigns. WhatsApp, and by extension direct
messaging, was seen to grow influence among key fans rather than buy influence. Messaging apps
are becoming the dominant medium people are turning to for communication on mobile devices.
Laura Coveney, managing editor for Adidas’ newsroom in London where the campaign was
managed said that WhatsApp allowed them to build direct relationships with a smaller community
of influential people in an ongoing way that doesn’t feel transactional and allowed for a

conversation, rather than just a broadcast (Joseph, 2020).
2.5.3 WhatsApp Influencers and Paid Advertising

WhatsApp’s ability to work on different mobile phones and platforms, means users do not need to
purchase certain devices to access it. Shambare (2014) supported this in his assessment of factors
influencing the adoption of WhatsApp in a developing country, and WhatsApp’s usage patterns
specifically amongst young South Africans. Sending and receiving messages via WhatsApp, which
was free, made the service extremely popular. It was a practical communication tool that addressed
consumers’ need to communicate effectively and cheaply, through text, video, and audio. His
findings confirmed its widespread uptake in the South African marketplace. Strong evidence that
a good product design, meeting and satisfying customer needs, and reasonably priced, could

always diffuse rapidly in society through advertising and word-of-mouth.
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Social media enables women entrepreneurs to effectively reach and engage customers, partners
and other stakeholders. Shalom and Yaniv (2017) defended social media marketing messages and
regarded them as radically innovative products and non-traditional ideas. They are more effective
if communicated over closed applications such as WhatsApp. This network type supported
acceptance of more liberal ideas. Jose (2018) found that globally, four of the six most popular
platforms were messenger applications: WhatsApp, QQ, Facebook Messenger and WeChat. In
addition to personalized messages, these chat applications had introduced features that supported
businesses. WhatsApp had added a broadcast feature that allowed users to simultaneously send
messages, to a group of individuals, without revealing the recipients to one another. This helped
streamline communications and avoid incessant notifications from group members communicating
with each other in the group. This was particularly useful to marketers, who could use it to reach
100% of their WhatsApp contact list.

It's not just about the massive number of users, it's about engagement. laroslav (2019) found that
WhatsApp users sent about 65 billion messages per day, approximately 750,000 messages per
second. WhatsApp Status had 450 million daily active users, compared to Snapchats 191 million,
helping us understand the magnitude of WhatsApps dominance. WhatsApp user engagement is
high, since users on average were sending 43 messages per day. With read and receipt indicators,
WhatsApp users had a lot of psychological pressure to respond to people who are messaging them
(influence). Though early to know definitively, there was some evidence to suggest this effect
transfered over to chatting with businesses. With over 3 million businesses having already taken
the leap by using the WhatsApp for Business app, this data is supported by the fact that the app
had over 10 million downloads on Google's Play Store.

With a WhatsApp for Business account, you can include company information, website links, and
a product catalog on your WhatsApp profile. You can also gain insights on audiences that interact
with you. Bump (2020) identified that with some companies, the smaller groups they interacted
with on Whatsapp were more engaged than larger social audiences. This could be because a person
who gave a company their contact information, or was willing to add a company's contact on
Whatsapp, might be incredibly interested in learning about that brand from the start. This further
revealed that branded ad targeting, resulted in more return on investment due to data sharing
between WhatsApp and Facebook.
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The Financial Times, a subscriber-only publication posted two free daily articles in its WhatsApp
Group in 2019. The sharing of free content gave them more conversions, brand awareness, and
insight into important topics to their potential subscribers than on other social platforms. Absolut,
a vodka brand, decided to leverage WhatsApp's messaging system to earn credibility and
awareness from younger audiences globally. The campaign helped Absolut gain brand awareness
even from people who didn't contact the account. In 2014, Hellmann's, a U.S.-based Mayonnaise
company, wanted audiences in Brazil, Argentina, Chile, Uruguay, and Paraguay. Through a team
of professional chefs to help them with a WhatsApp campaign, 13,000 people signed up for the
service and the average participant interacted with a chef for 65 minutes. With the "WhatsCook™
campaign strategy, the brand engaged with people who love to cook and solved for the customer

by showing them how to use Hellmann's main product in different ways (Bump, 2020).

Smartphone applications have gained popularity for information among the people. Jamaluddin et
al (2014) found that, applications were focusing on local businesses, organizations, and non-
profits. These groups were finding successful ways to provide information, engage in sales, and
marketing activities using mobile content. Although the business could be seen on a website, it
was more effective when the businesses engaged with the viewer on the mobile applications. Their
products could directly be promoted to all customers since they used their smartphones all the
time. Customers could view their products online and purchase them from their smartphone

applications.

2.6 Chapter Summary

This chapter introduced the literature review where relevant arguments were presented regarding
understanding the influence of Instagram, Facebook, WhatsApp, and You-tube on the online
purchase decisions. A breakdown of the Social Media platforms, effective communication
strategies and effectiveness were presented. The next chapter described both the research design

and methodology that was used to carry out the study.
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CHAPTER THREE

3.0 RESEARCH METHODOLOGY

3.1 Introduction

This chapter described the research design, the population, the sample size and sampling process
from the population, the data collection methods, the research procedures and the analysis methods
that were used to process the data collected.

3.2 Research Design

Research design is the procedural plan adopted by a researcher to answer questions validly,
objectively, accurately, and economically. Duffet (2014) opined research design is a plan,
structure, and strategy of investigation chosen to obtain answers to research questions or problems.
Formplus, (2020) opined that educational research subdivided into fundamental research, applied
research, and action research. Fundamental research provided insights into research variables i.e.,
gaining more knowledge. Sileyew, (2019) stated that research design intended to provide an
appropriate framework for a study. Research design was the choice made regarding research
approach as it determined how relevant information for a study would be obtained. Therefore, this

study followed the educational research design with a fundamental approach.

Formplus, (2020) further broke down Educational research into descriptive research, correlational
research, and experimental research. This study followed the descriptive research approach as it
made use of quantitative research methods including surveys and questionnaires to gather the
required data. The study sought insights into the statistical relationship between the research
variables. Descriptive research involved collecting data to answer questions or to test hypotheses
concerning the status of a subject of study. Mansour (2015) postulated that descriptive research
could provide valuable information for investigating a variety of problems. Typical descriptive
studies were concerned with the assessment of attitudes, opinions, demographic information,
conditions, and procedures. This ideology lent itself to this study as it was designed to describe the
influence of social media platforms on online purchasing decisions among post graduate students
at USIU-A during the Covid-19 pandemic.

Duffet (2014) stated that descriptive research was concerned with the status of the phenomena for
a better understanding of the existing situation but disregarded the cause of the research problem.

This method described the characteristics of groups and people. Therefore, in line with this
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definition, this research took a cross-section of the population i.e., USIU-A post graduate students,
and aimed to reveal their pre-disposition at a given point in time i.e., Behavioural actions from
social media influence on their online purchasing decisions, to create a better understanding of the

role social media platforms in decision making i.e., intention to purchase.

Research methodology is the path researchers needed to follow to conduct their research. It showed
the path through which the researchers formulated their problem, objectives and presented their
result from data obtained during a study period (Sileyew, 2019). Mansour (2015) further
expounded on descriptive data by stating that it was usually collected through questionnaire
surveys, interviews, or observation. This study used quantitative research methodology in the form

of a questionnaire survey.

3.3 Population and Sampling Design
3.3.1 Population

A target population is the collection of elements or objects that possess the information sought by
the researcher from which inferences are to be made (Mumina, 2018). The target population for
this study was 1086 United States International University Africa graduate students enrolled in the
year 2020/21 as seen in Table 3.1. It was economical to carry out the research among the students
due to logistical constraints. This was done to observe social distancing guidelines and mitigate
social distancing restrictions and distance learning measures enforced by the Kenya Ministry of

Health Covid-19 management guidelines.

Table 3.1: Target population from Registrar’s Office USIU-A, 2021

No. of USIU-A Graduate Students Total
Male 380
Female 706
Total 1086

Source: (Registrar’s Office USIU-A, 2021)
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3.3.2 Sampling Design
3.3.2.1 Sampling Frame

A sampling frame is a list of the elements from which the sample is drawn, and it is closely related
to the population (Mumina, 2018). The sampling frame guided the researcher to how the
respondents were to be selected for testing (Patel, 2019). However, this list could be incomplete
or inaccurate since some members of the population could or could not have had their due chance
of being selected for the sample. Martinez-Mesa et al, (2016) opined that the sample frame is the
group of individuals that could be selected from the target population given the sampling process
used in the study. To describe the influence of social media platforms on online purchasing
decisions among post graduate students at USIU-A during the Covid-19 pandemic, the sampling
frame was the list of students who were formally enrolled as graduate students at USIU-A in the
year 2020/21.

3.3.2.2 Sampling Technique

According to Hayes, (2021) completing analysis or research on a group of entities with similar
characteristics, a researcher could find that the population size was too large for which to complete
research. To save time and money, a more feasible approach involved selecting a small group from
the population referred to as a sample size. A sample could be selected from a population through
several ways, one of which was the stratified random sampling method, which in this case, was
used.

The population was divided into strata of male and female subgroups and a random sample taken
from each subgroup, where subgroup was a natural set of items. Subgroups could be based on
company size, gender or occupation. Stratified sampling was often used where there was a great
deal of variation within a population. Its purpose was to ensure that every stratum was adequately
represented (Taherdoost, 2017).

Stratified random sampling involved dividing the entire population into homogeneous groups
called strata. Random samples were then selected from each stratum. A random sample from each
stratum was taken in a number proportional to the stratum's size when compared to the population.
These subsets of the strata were then pooled to form a random sample. Stratified random sampling

allows researchers to obtain a sample population that best represents the entire population being
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studied. Stratified random sampling differs from simple random sampling, which involved the
random selection of data from an entire population, so each possible sample was equally likely to

occur (Hayes, 2021).

Martinez-Mesa et al, (2016) accepted that in non-probability sampling, the observed results were
usually not generalizable to the target population. In rebuttal, they highlighted that
unrepresentative samples could still be useful for some specific research objectives, and could help
answer research questions, as well as contribute to generation of new hypotheses. However,
stratified random sampling's disadvantage was that researchers had to identify every member of a
population being studied and classify each of them into one, and only one, subpopulation. As a
result, stratified random sampling was disadvantageous when researchers could not confidently

classify every member of the population into a subgroup.

Also, finding an exhaustive and definitive list of an entire population could be challenging. But
Hayes, (2021) pointed out that the main advantage of stratified random sampling is that it captured
key population characteristics in the sample. This method of sampling produced characteristics in

the sample that were proportional to the overall population.
3.3.2.3 Sample Size

To generalize from a random sample and avoid sampling errors or biases, a random sample needs
to be of adequate size. Taherdoost, (2016) stated that this was because what was important was the
absolute size of the sample selected relative to the complexity of the population, the aims of the
researcher and the kinds of statistical manipulation that would be used in data analysis. While the
larger the sample the lesser the likelihood that findings would be biased, diminishing returns set
in when samples got over a specific size which need to be balanced. Out of the numerous
approaches of size estimation, this study settled on the sample size determination formula:

p(100 — p)zg%/2

n
e?

n is the required sample size
P is the percentage of students using social media for online purchases which is 50%

E is the percentage maximum error required which is 5%
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Z is the value corresponding to 95% level of confidence

_ 0.5(1—0.5)1.96%
B 0.052

= 384.16

The estimated sample size of 384 was distributed proportionately to the sample size as shown in
Table 3.2

Table 3.2: Sample Size Distribution

No. of USIU-A Graduate Students Total Sample size
Male 380 380
— X —
1086 384 =134
Female 706 706
— X =
1086 384 = 250
Total 1086 384

3.4 Data Collection

Formplus, (2020) opined that data could be collected using audio recorders, digital cameras,
surveys, and questionnaires. A survey is a research method used to collect data from a
predetermined audience about a specific research context. This consisted of a set of standardized
questions to gain insights into the experiences, thoughts, and behaviours of the audience. A survey
could be administered in physical using paper forms, face-to-face conversations, telephone
conversations, or online forms. This study opted for online forms which were easier to administer
because the researcher could collect accurate data, reach a larger sample size, and all within the

social distancing covid-19 mandate.

In view of various kinds of the rating scales developed to measure attitudes directly, this study
followed predecessors by going with the Likert scale. McLeod (2019) stated the Likert scale was
a five/seven, point scale used to allow an individual to express how they agree or disagree with a
statement. The Likert scale used assumed the strength/intensity of attitude on a linear range from
strongly agree to strongly disagree for measure. This also enabled the study assess frequency,
quality, importance, and likelihood. The Likert’s strength was, instead of a simple yes/no answer

from the respondent, it allowed for degrees of opinion to no opinion at all. Hence the quantitative
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data obtained could be analysed with relative ease. However, the validity of the Likert scale
attitude measurement could have been compromised by social desirability, where individuals may

lie to put themselves in a positive light.

Duffet (2014) highlighted the main disadvantage of a survey being the low-response rate if
disseminated via mail, e-mail or online. However, since the study was conducted at USIU-A, the
ease of access to respondents aided to counteract this drawback. Other disadvantages were
difficulty obtaining large quantities of information from respondents due to the length or
complexity of the survey form as a research instrument. The survey allowed respondents to give
data via the instrument on their own, which had the benefits of; eliminating interviewer bias, ability
to reach large research populations, and attain an acceptable response rate.

The primary data was collected using a structured survey, which was developed by the researcher
based on the research questions. The survey form was divided into a consent form that discussed
consent, participant withdrawal, ethical protection, participation agreement, and assurance of
participant confidentiality. This was followed by 6 sections namely: Section 1. General
information about the respondents, Section 2: Influence of YouTube on online purchase decision,
Section 3: Influence of Facebook on online purchase decision, Section 4: Influence of Instagram
on online purchase decision, Section 5: Influence of WhatsApp on online purchase decision, and
Section 6: Online purchase behaviors. The study employed the Likert scale in all the sections for
the respondent’s answering ease. The online questionnaire was most preferred because it was quick
to administer, cheap to produce, and could test the intensity of the response on a scale. This not
only increased efficiency in obtaining data from respondents, but also allowed the researcher not
to have been present when the questionnaires were being completed. This factored into saving on

time taken to collect the data.

3.5 Research Procedures

Some populations are difficult to access for research purposes, and when opportunities arise,
methods may have to be adapted based to the type of access. Although the research question should
be the primary factor guiding research methodology, ethics could come into play (Wilson, 2018).
Therefore, data collection started after USIU-A Institution Review Board (IRB) evaluated the
research proposal and assigned the researcher approval to apply for a permit to conduct research
(Murphy, 2017).
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The Science, Technology and Innovation Act stated that any person undertaking or intending to
undertake research in the country, or who accesses, handles or transfers any materials or
technology or moves it within, from or into the country, should apply to the National Commission
for Science, Technology and Innovation (NACOST]I) for the grant of a License (Kalerwa, Awala,
& Amiani, 2019). So, upon IRB approval, a copy of this study was sent to the NACOSTI for a
research permit. This was in respect of the principles that underlie and ensured protection of the
human participants in this research i.e., ensured equal distribution of burden to participants, upheld
the beneficence whilst minimize potential harm and danger to participants, while minimizing

personal and professional privacy risks.

Upon receipt of the NACOSTI approval i.e., certificate, data collection for this study begun. The
ethical research approach included informed consent, participant withdrawal, ethical protection,
participation agreement, and assurance of participant confidentiality. Participants in this study
landed on an informed consent form on the cover page of the online survey, through which they
could consent prior to interaction with the section-based questions of the survey. Accordingly, all
participants were informed through the cover letter, that they could withdraw from the study at
any time before, during, or after data collection. To maintain respect, confidentiality, and
responsibility, of all data and information obtained during this study, the project would be securely

stored in the USIU-A repository for the institutional specified period.

A preliminary analysis was carried out using the survey on a pilot group of respondents, to
determine the validity and accuracy of the research tool (Patel, 2019). The survey, based on the
research questions, was pretested on 40 students. This test was used ascertain the suitability of the
tool developed by the researcher, based on the research questions, before the actual administration
to the target population. Cronbach's alpha measure of reliability was used to identify how reliable
the components were. Mutisya, (2018) presented the decision rules as follows: >0.9 — Excellent,
>0.8 — Good, >0.7 — Acceptable, >0.6 — Questionable, >0.5 — Poor and <0.5 — Unacceptable.
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Cronbach's alpha was 0.967 for the 107 survey questions as seen in Table 3.3, which indicated a

“Good” level of internal consistency for the scale with this survey tool.

Table 3.3: Reliability of the Survey Tool

Reliability Statistics

Cronbach’s Alpha N of Items
0.967 107

Cronbach's alpha was 0.728 for the variables as seen in Table 3.4, which indicated an “Acceptable”

level of internal consistency for the scale with this survey tool.

Table 3.4: Reliability of the Variables

Reliability Statistics

Cronbach's Alpha N of Items
0.728 4

It was found that removal of any survey questions for the independent variables, except WhatsApp,
would result in a “ > 0.6 i.e., Questionable” Cronbach's alpha. However, removal of survey
questions for variable WhatsApp would lead to an improvement in overall relaibility of the survey
tool i.e., from 0.728 to 0.760. As seen in Table 3.4, it was noted that WhatsApp’s "Corrected Item-
Total Correlation™” value was lowest (0.377) and this lead to the consideration of removing this
item i.e. survey questions for the independent variable WhatsApp. The last column as seen on
Table 3.5, presented the values that Cronbach's alpha would be if survey questions of a particular

variable were to be deleted from the scale.

38



Table 3.5: Reliability of the Survey Questions

Item-Total Statistics

Scale Mean if Scale Variance if Corrected Item- Cronbach's Alpha

Item Deleted Item Deleted Total Correlation if Item Deleted
YouTube  10.7004 1.453 0.495 0.686
WhatsApp 11.3779 1.608 0.377 0.760
Facebook  11.1592 1.711 0.697 0.611
Instagram  11.1151 1.489 0.61 0.612

It was noted that removal of variable WhatsApp would lead to a small improvement in "Corrected
Item-Total Correlation™ value for variable YouTube i.e., from 0.495 to 0.565 as seen in Table 3.6

Table 3.6: Reliability of the Survey Tool with Reduced Variables

Item-Total Statistics

Scale Mean if Scale Variance Corrected Item- Cronbach's Alpha

Item Deleted if Item Deleted  Total Correlation if Item Deleted
YouTube 7.2941 0.673 0.565 0.743
Facebook  7.7529 0.956 0.681 0.643
Instagram  7.7088 0.773 0.601 0.665

After preliminary analysis, the necessary modifications/ corrections were made to the survey tool
by taking into consideration the preliminary results. The researcher then applied the refined data
collection tool onto the target population for data collection. It was from the data obtained and
further processing using Statistical Package for the Social Sciences (SPSS 25), MS Excel and
WarpPLS 8, that the researcher disseminated the results and expressed the information collected
in a summarized and categorized format. This conformed to the quality outlined within the USIU-
A student research manual/handbook i.e., presentation according to common themes and presented

in frequency distribution tables.
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During all phases i.e., data collection, preparation of the data, this study was sensitive in respecting
the rights of the participants. This was achieved by recognizing the participant need for privacy
and autonomy as well as protecting the participant privileges during and after the survey. The study
undertook all efforts to adhere to the requirements for ethical protection of research data, which is

a researcher’s responsibility.

3.6 Data Analysis
3.6.1 Data Preparation and Validation

Data analysis consisted of editing, coding, and tabulating of the data collected into summary tables
that were both easier to manage and easier to present (Patel, 2019). Once the survey was
completed, the researcher manually verified the results for completeness and consistency. The
complete data from the survey forms was then used to conduct analysis using SPSS 25 and
WarpPLS 8.

3.6.2 Data Coding

The survey results were coded in accordance with the research questions to ensure precision during
the analysis process. The researcher went through all the forms and keyed data for any errors or
missing answers which Kamthornphiphatthanakul, (2017) stated create a bias issue. Section 1 of
the questionnaire collected socio-demographic attributes of the respondents. It contained five
questions i.e., Gender coded as (0 = Female and 1 = Male), Age coded as ( 1= 24 and below, 2=
25-30, 3= 31-36, 4= 37 and Above), Length of time using social media applications for online
purchase decision coded as (1= Less than one year, 2= 2-3 years, 3= 4-5 years, 4= more than 6
years) and The application most preferred when making an online purchase decision coded as (1=
YouTube, 2= Facebook, 3=Instagram, 4= WhatsApp 5= Other).

Section 2 of the questionnaire covered Online purchase behaviour, which included Questions on
positive statements to making an online purchase, Questions on negative statements to making an
online purchase decision, and Questions on barriers to making an online purchase decision. Each
of these questions was scored on a Likert scale 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4
(Agree) 5 (Strongly agree) to select the most appropriate response. Section 3 of the questionnaire
included questions that covered the variable YouTube scored on a Likert scale 1 (Strongly

disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree) 5 (Strongly agree) to select the most appropriate
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response. Section 4 of the questionnaire included questions that covered the variable Facebook
scored on a Likert scale 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree) 5 (Strongly
agree) to select the most appropriate response. Section 5 of the questionnaire included questions
that covered the variable Instagram scored on a Likert scale 1 (Strongly disagree) 2 (Disagree) 3
(Uncertain) 4 (Agree) 5 (Strongly agree) to select the most appropriate response. Section 6 of the
questionnaire included questions that covered the variable Purchase Decision scored on a Likert
scale 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree) 5 (Strongly agree) to select the

most appropriate response.
3.6.3 Tests for Normality

The data was tested for Normality using SPSS 25. Kolmogorov-Smirnov Test and the Shapiro-
Wilk Test were used to determine normal distribution of data. The data was tested for model fit
which was followed tests for sampling adequacy in preparation Principal Component Analysis
(PCA). PCA was conducted to outline the components that met criteria for Exploratory Factor

Analysis.
3.6.3.1 Non-Parametric Tests

Spss-tutorials.com, (2022) stated that the normality assumption was only needed for small sample
sizes e.g., N < 20. For larger sample sizes, the sampling distribution of the mean would always be
normal, regardless of how values were distributed in the population. The phenomenon of the
central limit theorem, where the consequence was that many test results would be unaffected by
even severe violations of normality. Therefore, the simplest way to analyse ordinal data was to use
visualization tools i.e., histogram, Q-Q plots, and Box plots. Therefore, hypothesis testing of the

data could be carried out using nonparametric tests.
3.6.3.2 Principal Component Analysis

IBM (2021) stated that of the main analysis techniques, Categorical Principal Components
Analysis (PCA) fell into the general area of multivariate data analysis known as dimension
reduction. PCA enabled one to describe structures or patterns in the relationships that would be
too difficult to break down in their original richness and complexity i.e., relationships between
variables represented in as few dimensions as possible. The decision on which principal

components to retain was guided by:
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e Proportion of variance explained criterion
e Eigenvalue criterion
e Scree plot criterion

3.6.3.3 Total Variance Explained

IBM (2020) stated that total variance was explained by the initial solution, extracted components,
and rotated components. The first section of the output showed the Initial Eigenvalues.
The Total column gave the eigenvalue, or amount of variance in the original variables accounted
for by each component. The % of Variance column gave the ratio, expressed as a percentage, of
the variance accounted for by each component to the total variance in all the variables.
The Cumulative % column gave the percentage of variance accounted for by the

first n components.
3.6.3.4 Eigen values

IBM (2021) eigen values were best used to identify how well the discriminant model fit the data.
The eigenvalues table provided information about the relative efficacy of each discriminant
function. This process of model estimation assisted in estimating the optimal model. The first
factor extracted the most common variance with subsequent factors extracting successively smaller
portions of variance. The sequential descending set of eigenvalues could then be used to estimate
the optimum number of factors to retain. The eigenvalues produced by a Principal Component
Analysis (PCA) could estimate the number of factors to subsequently investigate in a common

factor analysis.
3.6.3.5 Scree Plot

From SPSS 25 a plot of the variance that was associated with each factor generated a Scree plot.
According to IBM (2021) this plot could be used to determine how many factors to be kept.
Typically, the plot would show a distinct break between the steep slope of the large factors and the

gradual trailing of the rest (the scree).
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3.6.4 Exploratory Factor Analysis

Kamthornphiphatthanakul, (2017) stated that Exploratory Factor Analysis (EFA) would help to
determine the number of factors underlying the set of variables by identify unclear items e.g., those
which did not load cleanly on a single factor, and identify irrelevant items e.g., those which had
low loadings. The delineation of components was assisted by using Kaiser-Meyer-Olkin (KMO)
Statistics, Bartlett’s Test of Sphericity and Communalities. The test of sample adequacy by KMO
available in SPSS had a minimum acceptable score of 0.5, Bartlett's test of sphericity values (less
than 0.05) of the significance level indicated that a factor analysis could be useful with the data.
Communalities indicated the amount of variance in each variable that is accounted for, which is
always equal to 1.0 for correlation analyses. A single summary statistic i.e., Cronbach's alpha or
Guttman proposed six measures of reliability that was used to tell how reliable the survey was
(IBM, 2021). Mutisya, (2018) presented the decision rules as follows: >0.9 — Excellent, >0.8 —
Good, >0.7 — Acceptable, >0.6 — Questionable, >0.5 — Poor and <0.5 — Unacceptable.

3.6.4.1 Factor Selection

Watkins, (2018) stated that measurement error decreased the reliability of the variables and the
correlation between variables. Since low reliability left little variance to be shared with other
variables it was recommended that variables with reliabilities below 0.70 should be avoided in

Exploratory Factor Analysis.
3.6.5 Confirmatory Factor Analysis

The analysis culminated at Confirmatory Factor Analysis (CFA) which determined the factor
structure of the dataset. EFA will explored the factor structure i.e., how the variables relate, and
group based on inter-variable correlations, CFA confirmed the factor structure that was extracted
from EFA. It is the CFA measures that were used to determine goodness of fit of the variables.
Model fit referred to how well to the proposed model of the factor structure could account for the

correlation between variables in the dataset. (Xia & Yang, 2019).
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The linear regression model that was used was the form

Y= Purchase Decision

By = Constant

B1 = YouTube factor

X, = coefficient for YouTube factor

& = Error term

For research question two:

Y= Purchase Decision

B, = Constant

B, = Facebook factor

X,= coefficient for Facebook factor

& = Error term

For research question three

Y= Purchase Decision

B, =Constant

B5 =Instagram factor
X;=coefficient for Instagram factor

& = Error term

Y:’B0+31X1+€

Y=ﬁ0+ﬁ2X2+g

Y:ﬁo+ﬁ3X3+g
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The following regression model was used to assess the combined effect of the three independent
variables in relation to the dependent variable

Y =PBo+ B X1+ B2X, +B3X5+ ¢

Y= Purchase Decision X, = coefficient for Facebook factor
Bo =Constant B3 =Instagram factor

B1 =YouTube factor X;=coefficient for Instagram factor
X,=coefficient for YouTube factor € = Error term

B, = Facebook factor

3.6.6 Structural Equation Modelling

After validating CFA, the model was tested through WarpPLS to develop a quality path diagram
to show the correlations among each of the predictors, as well as the predictors and the online
purchase decision (Austin, 2012). SEM which is a statistical method used to confirm theoretical
models, originated in the field of psychometrics. Rivera,et al (2018) stated that psychometrics
consisted of techniques to measure mental processes, and it was mostly used in the fields of
education and psychology. The technique intended to understand the meaning of the responses
given by individuals to certain statements. The development of SEM analysis methods for linear
models of structural equations with latent variables provided researchers with considerable means
to construct, test and modify theories. The technique was based on the measurement of human
latent characteristics or cognitive abilities through behavioural tasks, which could not be directly
measured. This technique used assertions, and for each of them the respondent established a degree
of intensity i.e., responses on a Likert scale. The structure was measured by the interrelationships

between the assertions.

Dragan and Topolsek (2014) identified its eruption in many scientific sciences, such as social
sciences, psychometry, economics, operations research, management, logistics and supply chain
management, the natural sciences, engineering, marketing research and educational research. It
combined confirmatory factor analysis (CFA) and multiple regression analysis into a
comprehensive modeling framework. CFA provided the means to build the measurement part of a
model, where the relations between measured variables and the latent factors (unmeasured) could

be studied. SEM applied hypotheses testing to the multivariate analysis of structural theory, which
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incorporated the causal relations among the multiple variables i.e., investigated whether the
hypotheses based theoretical model consistently reflects the observed data which is done through
the calculation of different "model-data fit" indices. These indicated the level of plausibility of
postulated relationships among the treated variables.

At the most basic, the goal of Consumer Psychology is to use data to inform and test theories that
provide insight into the psychological processes that underlie consumer behaviour. Priester, (2010)
opined that Structural Equation Modelling (SEM) was a powerful tool useful to both approaches.
SEM provided a statistical approach for understanding the nature of the key constructs, as well as
the influence of the constructs upon one another. Richter et al, (2016) opined that confirmatory
empirical research ideally proceeded from theoretical assertions. The theorization that variables
explained a phenomenon, how these variables were related, and why they were causally related.
Theory was the basis for developing a set of hypotheses “statements about what is expected to
occur” that were empirically tested. Failing to reject these hypotheses lead a researcher to feel

confident that both the hypotheses and the underlying theory were valid.

3.6.6.1 Validity and Reliability Tests

Once quality and model fit tests were complete, Wardhani, Nugroho, Fernandes, and Solimun,
(2020) stated that what followed was the evaluation of an outer model i.e., the validity test and
reliability checking of the research instruments. Testing the validity in WarpPLS followed
convergent validity test, discriminant validity of each indicator, and discriminant validity. The
reliability check was evaluated by reliability indices as seen in Table 3.9, Cronbach’s composite
reliability and alpha tests. Mutisya, (2018) presented the decision rules as follows: >0.9 —
Excellent, >0.8 — Good, >0.7 — Acceptable, >0.6 — Questionable, >0.5 — Poor and <0.5 —

Unacceptable.
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3.6.6.2 Discriminant Validity

Discriminant validity was established by comparing the Average Variance Explained values
(AVE).

3.6.6.3 Composite Reliability

The composite reliability value for the latent variables of this study was as outlined by Mutisya
(2018) who presented the decision rules as follows: >0.9 — Excellent, >0.8 — Good, >0.7 —

Acceptable, >0.6 — Questionable, >0.5 — Poor and <0.5 — Unacceptable.
3.6.7 Hypotheses testing

The null hypothesis is one of two mutually exclusive theories about the properties of a population
in hypothesis testing. Typically, the null hypothesis stated that there was no effect and signified
by Ho. The alternative hypothesis stated that the population parameter did not equal the null
hypothesis value. If the sample contained sufficient evidence, we could reject the null and favour
the alternative hypothesis. The alternative identified with Hy or Ha (Frost, 2021)

Using WarpPLS, the researcher used standardized regression coefficients to link the predictors to
the online purchase decision. Standardized regression weights represented the amount of change
in the online purchase decision that was attributable to a single standard deviation unit’s worth of

change in the use of either, YouTube, Facebook, and Instagram (Austin, 2012).

P-values and coefficients in regression analysis told the researcher which relationships in the
model were statistically significant and the nature of those relationships. The mathematical
relationship between each social media platform and the online purchase decisions. The p-values
help to determine whether the relationships observed from the sample would also exist in the
larger population. If the p-value for a social media application had less than the significance level,
the sample data provided enough evidence to reject the null hypothesis for the entire population.
The p-value for each social media platform tested the null hypothesis that the variable had
no correlation with the online purchase decisions. Therefore, there was insufficient evidence to
conclude that there would be effect at the population level. Through a t-test, to fail to reject the
null hypothesis stated that the difference between the two means equalled zero but to accept the
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alternative hypothesis stated that the difference between the two means did not equal zero (Frost,

2021). The t-test and its p-value were used to reject the null hypothesis.

3.7 Chapter Summary

The research design was descriptive correlational, focusing on the influence of YouTube,
Facebook, and Instagram, on the intention to purchase amongst USIU-A graduate students. The
target population consisted of 1086 students who were enrolled at United States International
University Africa in the year 2020/21. Stratified random sampling technique was used, with a
sample size of 384 graduates. Primary data was collected through survey questionnaires. The data
analyzed and synthesized using WarpPLS, SPSS 25, MS Excel. Chapter four presented the
findings from collected data using tables and figures to show the relationship between the

Independent Variables and Online purchase Decision.
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CHAPTER FOUR

4.0 RESULTS AND FINDINGS

4.1 Introduction

This chapter presented findings from the data collected on influence of YouTube, Facebook, and
Instagram on online purchase decisions of USIU Africa graduate students during the Covid-19
pandemic. The dependent variable in the study was Online purchasing decisions. The element of
influence was measured by analyzing the descriptive statistics, carrying out exploratory factor
analysis, confirmatory factor analysis and developing a structural equation model. This model was
used to outline how the latent constructs influenced online purchasing decisions of USIU Africa
graduate students during the Covid-19 pandemic.

4.2 General Information
4.2.1 Response rate

The response rate out of the target population of 385 was 378 respondents in the survey which
contained 244 (64.6%) female and 134 (35.4%) male respondents as seen in Figure 4.1

Male
35%

Female
65%

= Female = Male

Figure 4.1 Gender of the Survey Respondents
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4.2.2 Age of Respondents

Out of the 378 respondents in the survey 9 (2.4%) were 24years and below in age, 167 (44.2%)
were 25-30 years in age, 170 (45%) were 31-36 years in age, and 32 (8.5%) were 37and above

years in age as seen in Figure 4.2

37 &
Above
9%

25-30

31-36 44%

45%

Figure 4.2 Age of the Survey Respondents
4.2.3 Duration of Social Media Application Use

Out of the 378 respondents in the survey,1 (0.3%) of the respondents had less than 1 year use social
media applications for online purchasing, 6 (1.6%) had 2-3 years use of social media applications
for online purchasing, 46 (12.2%) had 4-5 years use of social media applications for online
purchasing, and 325 (86%) had more than 6 years use of social media applications for purchasing
as seen in Figure 4.3

Less than 1 year ‘

2-3 years

4-5 years 46

Figure 4.3 Duration using Online platforms by the Survey Respondents
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4.2.4 Preferred Social Media Application

Out of the 378 respondents in the survey, 70 preferred YouTube for their purchase decision at
18.5%, 132 preferred Facebook for their purchase decision at 34.9%, 101 preferred Instagram for
their purchase decision at 26.7%, 46 preferred WhatsApp for their purchase decision at 12.2%,
and 29 preferred Others for their purchase decision at 7.7%. Honourable mentions in ‘others’
included websites, Tiktok, Telegram and Signal as seen in Figure 4.4.

0 20 40 60 80 100 120 140

m Other = WhatsApp = Instagram = Facebook ® YouTube

Figure 4.4 Application most preferred by the Survey Respondents

4.3 Purchase Behaviour

Section 2 of the guestionnaire covered online purchase behaviour.
4.3.1 Descriptive Findings on General Statements on Social Media Application Use

General statements on use of social media applications when making online purchase decisions
had eight questions, each response scored on a Likert scale 1 (Strongly disagree) 2 (Disagree) 3
(Uncertain) 4 (Agree) 5 (Strongly agree) to select the most appropriate response. Frequency
percentages outlined the most selected response where Means (M) and Standard Deviation (SD)
were the main tools of analysis. The findings on Table 4.1 indicated that of the 378 respondents
surveyed most used Social Media applications to follow the news on products/services (M=4.39,
SD=0.614), and to check all forms information needed that related to people’s experiences with

products/ services before a purchase (M=4.39, SD=0.614).



Table 4.1 Purchase Behaviour of the Survey Respondents

General statements about my use of Social Media Applications when making an online
1 2 3 4 5 Mean SD

(%) (%) (%) (%) (%)

Send and receive messages on
products/services 0 08 08 54 444 442 0.555

Follow the news on products/services 08 05 05 548 434 439 0.614

Find general information on
products/services 03 05 05 548 439 442 0.564

Find specific information related to

Engage friends on conversations related
to products/services 08 03 05 545 439 44 0.603

Make comparisons on products/services
available 03 08 03 542 444 442 0.573

Watch videos on products/services 05 08 03 542 442 441  0.599

Check all forms information | need
related to people’s experiences with 08 03 13 54 437 4.39 0.614
products/ services before | purchase

4.3.2 Descriptive Findings on Positive Statements on Online Purchase Decision

Positive statements to making an online purchase decision had thirteen questions where each
response was scored on a Likert scale 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree)
5 (Strongly agree) to select the most appropriate response. Frequency percentages outlined the
most selected response where Means (M) and Standard Deviation (SD) were the main tools of
analysis. The findings on Table 4.2 indicated that of the 378 respondents surveyed most agreed
that Online purchase platforms were secure (M=4.01, SD=0.566), and Online purchase platforms

provided the most information on product/service (M=4.06, SD=0.465).
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Table 4.2 Positive Statement to making an Online Purchase Decision

Positive statement to making an online purchase decision
1 2 3 4 5 Mean SD

(%) (%) (%) (%) (%)

Online purchase platforms provide me with
the most information on product/service 05 08 24 847 116 406 0465

Online purchase platforms help reduce the
time | take before deciding to purchase 03 08 21 828 14 41 0457

Online purchase platforms allow for easy
breakdown of information on a 03 11 13 841 132 409 0452
product/service

Online purchase platforms build my
confidence in buying a product/service 03 08 21 836 132 4.09 0.449
when | want to purchase

I find online purchase platforms convenient
for my decision-making on product/service 03 11 13 841 132 409 0452

Online purchase platforms are the most
effective for communication on 03 11 16 833 138 4.09 0.46
product/service

Online purchase platforms increase the ease
of finding information on products/services 03 08 16 85 148 411 0456

| find online purchase platforms as the
easiest to use when making a purchase 03 11 19 831 138 409 0463

My interaction with products/services on
online purchase platforms makes it clearer
and easier to understand what | want to 0 13 21 88 138 409 0452

purchase

It is easy to become skilful at online

ourchase platforms 0 11 21 833 135 4.09 0436
Online purchase platforms are credible 03 08 29 833 127 407 0.455
Online purchase platforms are secure 0 4 37 799 124 401 0.566

4.3.3 Descriptive Findings on Negative Statements on Online Purchase Decision

Negative statements to making an online purchase decision had five questions where each response
was scored on a Likert scale 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree) 5 (Strongly
agree) to select the most appropriate response. Frequency percentages outlined the most selected
response where Means (M) and Standard Deviation (SD) were the main tools of analysis. The

findings on Table 4.3 indicated that of the 378 respondents surveyed most respondents disagreed
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with the feeling that using social media applications when making online purchases would violate
their privacy (M=2.6, SD=0.937). The respondents did not find using social media applications
intimidating when wanting to make an online purchase (M=2.38, SD=0.813).

Table 4.3 Negative Statement to making an Online Purchase Decision

Negative statements to making an online purchase decision
1 2 3 4 5 Mean SD

(%) (%) (%) (%) (%)

| find it time consuming using social
media applications when | want to 13 78 21 183 03 238 0.803
purchase online

Social media application use requires high
skills in language and technical skills to 16 78 19 183 183 238 0.806
use when | want to purchase

| feel like using social media applications
when making online purchases will 16 66.7 32 278 08 26 0.937
violate my privacy

| find using social media applications

intimidating when | want to make an 19 775 19 185 03 238 0.813
online purchase
Online purchases using social media 21 77 19 18 11 239 084

applications are frustrating

4.3.4 Descriptive Findings on Barriers to making online purchase decisions

Barriers to making an online purchase decision had seven questions where each response was
scored on a Likert scale 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree) 5 (Strongly
agree) to select the most appropriate response. Frequency percentages outlined the most selected
response where Means (M) and Standard Deviation (SD) were the main tools of analysis. The
findings on Table 4.4 indicated that of the 378 respondents surveyed most respondents agreed with
lack of time needed as a barrier to access online purchase platforms (M=3.22, SD=1.063), lack of
adequate funds needed to make purchases on online purchase platforms (M=3.46, SD=1.053), and
lack of resources for connection to the Internet as a barrier to use of Social Media Applications
(e.g., not enough data bundles, bandwidth) (M=3.39, SD=1.033).
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Table 4.4 Barriers to making an Online Purchase Decision

Barriers to making an online purchase decision
1 2 3 4 5 Mean SD

(%) (%) (%) (%) (%)

Lack of training to use the on online
purchase platforms of choice 1.1 77 19 198 03 241 0.823

Lack of the awareness on advantages of
using online purchase platforms 05 767 19 204 05 244 0.835

Lack of time needed to access online
ourchase platforms 0.5 399 21 513 6.1 322 1.063
Lack of language and technical skills 13 775 16 185 11 24 0.839

needed to use online purchase platforms

Lack of resources for connection to the
Internet needed to use applications (e.g., 05 325 13 585 7.1 339 1.033
not enough data bundles, bandwidth)

Lack of knowledge about online
ourchase platforms 1.3 762 13 198 13 244 0.866

Lack of adequate funds needed to make
purchases on online purchase platforms 03 315 11 566 106 346 1.053

4.3.5 Descriptive Findings on General statements to Influence of Word of Mouth to making

an Online Purchase Decision

General statements on Influence of Word of Mouth to making an Online Purchase Decision had
six questions where each response was scored on a Likert scale 1 (Strongly disagree) 2 (Disagree)
3 (Uncertain) 4 (Agree) 5 (Strongly agree) to select the most appropriate response. Frequency
percentages outlined the most selected response where Means (M) and Standard Deviation (SD)
were the main tools of analysis. The findings on Table 4.5 indicated that of the 378 respondents
surveyed most respondents agreed with usually reading recommendations on products and services
from friends on online purchase platforms (M=3.05, SD=1.400), being pleased to read about the
experiences other people have had with products and services that interest them on online purchase
platforms (M=4.21, SD=0.520), and usually using rating and reviews by others about products on
online purchase platforms (M=4.25, SD=0.506).
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Table 4.5 General Statements on Influence of Word of Mouth to making an Online
Purchase Decision

General statements on purchase decision
1 2 3 4 5 Mean SD

(%) (%) (%) (%) (%)

I usually read recommendations on
products and services from friendson 302 29 03 648 19 305 1.400
online purchase platforms

Most of the time, | am pleased to read
about the experiences other people have

had with products and services that 03 11 05 741 241 421 0.520
interest me on online purchase

platforms

I am open to receiving other people’s

opinions on interesting products or 00 11 08 762 220 419 0434

services on online purchase platforms

I use forums and communities for
acquiring information about a product
on online purchase platforms

o

0O 11 08 741 241 421 0497

I usually use people rating and reviews
about products on online purchase 00 11 03 714 272 425 0.506
platforms

I usually use people’s
recommendations on online purchase 00 08 05 775 212 419 0461
platforms to buy a product

4.3.6 Descriptive Findings on Influencers in making an Online Purchase Decision

General Statements on Influencers in making an Online Purchase Decision had six questions where
each response was scored on a Likert scale 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4
(Agree) 5 (Strongly agree) to select the most appropriate response. Frequency percentages outlined
the most selected response where Means (M) and Standard Deviation (SD) were the main tools of
analysis. The findings on Table 4.6 indicated that of the 378 respondents surveyed most
respondents agreed with relying on celebrities/influential persons’ recommendations to buy a
product when intending to purchase on online purchase platforms (M=3.83, SD=1.041), relying
on celebrities/influential persons’ rating and reviews about products to make online purchase

decisions when intending to purchase on online purchase platforms (M=3.71, SD=0.929), and
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using advertising from celebrities/influential persons for acquiring information about a product

when intending to purchase on online purchase platforms (M=3.73, SD=0.924).

Table 4.6 General Statements on Influencers in making an Online Purchase Decision

General statements about purchase decision
1 2 3 4 5 Mean SD

(%) (%) (%) (%) (%)

I usually rely on recommendations on

products and services from

celebrities/influential persons when | 05 29 241 476 243 393 0807
intend to purchase on online purchase

Most of the time, I rely on

celebrities/influential persons, about the

experiences they have had with

products and services that interest me 13 42 275 442 228 383 0874
when | intend to purchase on online

purchase platforms

I rely on advertisements from

celebrities/influential persons, | am

open to receiving information on

interesting products or services when | 24 29 323 404 217 376 0.904
intend to purchase on online purchase

platforms

| use advertisements and advertising

from celebrities/influential persons for

acquiring information about a product 1.3 6.6 317 381 222 373 0924
when | intend to purchase on online

purchase platforms

I rely on celebrities/influential persons

rating and reviews about products on

the to make purchase decisions when | 16 7.7 29.1 413 204 371 0929
intend to purchase on online purchase

platforms

I rely on celebrities/influential persons’

recommendations to buy a product

when | intend to purchase on online 24 14 278 302 323 383 1041
purchase platforms
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4.3.7 Descriptive Findings on Influence of Application Generated Advertisements to making

an Online Purchase Decision

General statements to Influence of Application Generated Advertisements to making an Online
Purchase Decision had six questions where each response was scored on a Likert scale 1 (Strongly
disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree) 5 (Strongly agree) to select the most appropriate
response. Frequency percentages outlined the most selected response where Means (M) and
Standard Deviation (SD) were the main tools of analysis. The findings on Table 4.7 indicated that
of the 378 respondents surveyed most respondents agreed with reading recommendations on
products and services from advertisements on online purchase platforms (M=3.79, SD=1.009),
reading about the experiences other people have had with products and services that interest them
on online purchase platforms (M=3.75, SD=0.944), and using advertised recommendations to buy

a product on online purchase platforms (M=3.75, SD=0.841).

Table 4.7 General statements to Influence of Application Generated Advertisements to
making an Online Purchase Decision

General statements on purchase decision
1 2 3 4 5 Mean SD

(%) (%) (%) (%) (%)

Most of the time, | am pleased to read

about the experiences other people

have had with products and services 11 85 28 389 235 375 0944
that interest me on online purchase

platforms

When | see advertisements, | am open

to receiving information on interesting 16 45 238 55 151 3.78 0814
products or services on online purchase

platforms

| use advertisements and advertising
for acquiring information about a 1.1 53 243 545 148 3.77 0.804
product on online purchase platforms

I usually use advertised rating and

advertised reviews about products to 16 5 243 54 151 3.76 0.826
make purchase decisions on online

purchase platforms

I usually use advertised
recommendations to buy a producton 1.9 53 238 54 151 375 0841
online purchase platforms
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I usually read recommendations on

products and services from 11 7.7 344 254 315 379  1.009
advertisements on online purchase

platforms

4.4 Influence of YouTube on online Purchase Decisions
The study sought to determine the influence of YouTube on online purchasing decisions. This was
achieved by Normality tests, Exploratory factor analysis, Confirmatory factor analysis, developing

a Structural Equation Model, Testing the hypothesis and Model fit analysis.

4.4.1 Tests for Normality
Using the Shapiro-Wilk test as numerical means of assessing normality, as seen in Table 4.8 that
the Sig. value of the Shapiro-Wilk Test was less than 0.05 therefore the data significantly deviated

from a normal distribution.

Table 4.8 YouTube Normality test

Tests of Normality

Kolmogorov-Smirnova Shapiro-Wilk
Statistic df Sig. Statistic df Sig.
YouT 0.056 378 0.007 0.977 378 0

a Lilliefors Significance Correction

4.4.1.2 YouTube Histogram

As seen in Figure 4.5, from 378 respondents across the survey used on the United States
International University Africa graduate students in the year 2020/21, the histogram for variable
YouTube displayed the shape of a normal distribution (M= 3.18, SD=0.397).
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Histogram ~— Narmal

Figure 4.5 YouTube histogram
4.4.1.3 YouTube Q-Q Plot

The distribution of the data as in Figure 4.6, was along the straight line which indicated that the

378 respondents across the survey were approximately normally distributed.

Normal Q-Q Plot of YouT

Expected Normal
=

Observed Value

Figure 4.6 YouTube Q-Q plot
4.4.1.4 YouTube Box Plot

The YouTube box plot as seen in Figure 4.7, indicated symmetry in the distribution of 378
respondents across the survey used on the United States International University Africa graduate
students in the year 2020/21 without outliers.
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Figure 4.7 YouTube box plot

4.4.2 Principal Component Analysis for Independent Variable YouTube

The eigenvalues produced by a Principal Component Analysis (PCA) could estimate the number
of factors to subsequently investigate in a common factor analysis. The default method used by
many statistical software programs was the eigenvalue > 1 rule and from Table 4.9 it was
established that the data had eight (8) components eligible factor analysis. The eight components
could explain nearly 90.34% of the variability in the original thirty-eight (38) variables, this meant
that we could considerably reduce the complexity of the data set by using these eight components,

with only approximately 10% loss of information.

Table 4.9 Total Variance Explained

Component Initial Eigenvalues Rotation Sums of Squared Loadings
Total Variance Cumulative Total Variance = Cumulative (%)
(%) (%) (%)
1 11.581 30.476 30.476 5.630 14.817 14.817
2 6.652 17.505 47.981 4.855 12.776 27.593
3 4.293 11.297 59.278 4.790 12.606 40.198
4 3.974 10.457 69.735 4.232 11.138 51.336
5 2.908 7.651 77.386 4.212 11.084 62.420
6 1.959 5.154 82.541 4.179 10.998 73.418
7 1.779 4.683 87.223 3.871 10.187 83.605
8 1.186 3.121 90.344 2.561 6.739 90.344
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9 529 1.393 91.737

10 466 1.227 92.964
11 429 1.129 94.094
34 .018 .048 99.894
35 014 .038 99.932
36 014 .037 99.970
37 .007 .020 99.989
38 .004 011 100.000

Extraction Method: Principal Component Analysis.

4.4.2.1 Scree Plot

The data had two (2) distinct elbows as seen in Figure 4.8. The first elbow registered at the third
component, but the prominent elbow registered at the 9" component. Following the eigen value >

1 rule and the visual inspection of the scree plot, the data displayed 9 measurable components.

Scree Plot

Eigenvalue
o

T3 5 7T 9 1 13 15 17 19 21 23 25 27 29 31 33 3w 37T

Component Number

Figure 4.8 Scree plot
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4.4.3 Exploratory Factor Analysis for Independent Variable YouTube

The criteria to identify acceptable EFA solutions included each factor that saliently loaded by at
least three variables. Each variable should have loaded saliently on only one factor, each factor
should have demonstrated internal consistency reliability >.70 and all factors should have been
theoretically meaningful. A Principal Component Analysis of the data set identified 2 components
that met all the outlined criteria as shown in Table 4.10. Independent variable YouTube was
represented by component 3 (IVYuTbSMI2, IVYuUTbSMI3, IVYuThSMI4, IVYuTbSMIS5,
IVYuTbSMI6) and component 6 (IVYuTbAIlgl, IVYuTbAIg2, IVYuTbAIg3, IVYuTbAlg4,

IVYUTbAIg5)

Table 4.10 Extracted Components for Independent Variable YouTube

Rotated Component Matrix?

Component

1 2 3 4 5
IVYuTbAlgl .854
IVYuTbAIlg2 875
IVYuTbAIg3 922
IVYuTbAlg4 915
IVYuTbAIg5 .882
IVYuTbSMI2 944
IVYUTbSMI3 952
IVYuTbSMI4 961
IVYuTbSMI5 952
IVYuTbSMI6 952

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.?
a. Rotation converged in 6 iterations.
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4.4.4 Confirmatory Factor Analysis for Variable YouTube
The identified components from the data had an average Cronbach alpha of 0.923 as shown in

Table 4.11 which was acceptable.

Table 4.11 Reliability statistics for Variable YouTube

Reliability Statistics
Cronbach's Alpha N of Items

0.923 10

The individual items identified in Table 4.12 had a score of greater than 0.9 meaning they were all

respectively acceptable for CFA.

Table 4.12 Cronbach alpha for Variable YouTube

Item-Total Statistics

Scale Corrected Squared Cronbach's

Scale Mean if Varianceif  Item-Total Multiple  Alphaif Item

Item Deleted Item Deleted Correlation Correlation Deleted
IVYUTbA1 32.83 50.328 505 796 926
IVYuTbAIg?2 32.83 50.493 .500 .825 .926
IVYuTbAIg3 32.73 49.423 .560 .836 924
IVYUuTbAIlg4 32.69 49.090 566 .886 923
IVYUTbAIg5 32.66 49.080 .540 837 924
IVYUuTbSMI2 33.53 38.186 902 .956 .904
IVYUTbSMI3 33.56 38.369 905 961 903
IVYuTbSMI4 33.50 38.840 .899 970 904
IVYUTbSMI5 33.48 38.675 .903 989 .903
IVYuTbhSMI6 33.50 38.818 .906 989 903

Based on Table 4.13, it was found that the average variance explained (AVE) value for each
YouTube component was greatest on itself compared to the correlation AVE value with other

variables, thus, discriminant validity was fulfilled.

64



Table 4.13 Discriminant validity for Variable YouTube

Correlations among Latent variables with square roots of AVEs
PrchDec YuTBALG YuTBWOM  YuTBSMI

PrchDec (0.731) -0.027 0.062 -0.059
YuTBALG -0.027 (0.910) 0.423 0.407
YuTBWOM 0.062 0.423 (0.827) 0.334
YuTBSMI -0.059 0.407 0.334 (0.915)

Based on Table 4.14, it was established that the latent variables for YouTube had a composite
reliability value > 0.7, and a Cronbach alpha score > 0.7, consequently, it was concluded that the

composite reliability had been attained.

Table 4.14 Composite Reliability for Variable YouTube

Outer model analysis algorithm: PLS Regression

Classic reliability coeffs. YUuTBALG YuTBWOM YuTBSMI
Composite reliability 0.960 0.928 0.968
Cronbach'’s alpha 0.948 0.905 0.954
Factor reliability 0.960 0.928 0.968

4.4.5 SEM Model for Independent Variable YouTube

The path generated form the WarpPLS SEM model as seen in figure 4.9, showed that there was a
significant relationship between Purchase decision (R?=0.04) for YouTube Algorithm (B=-0.11,
p<0.02), YouTube Word Of Mouth (= 0.17, p<0.01), and YouTube Social Media Influencer (=
-0.13, p<0.01).
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PrchDec

YuTBSMI
(R)6i

Figure 4.9 SEM model for Variable YouTube

4.4.6 Hypothesis testing for Variable YouTube

The data had a significance value of .000 as shown in Table 4.15 indicating that a factor analysis
could be useful with the data. The data met the KMO sampling adequacy requirement with a score
of 0.860. The p-value of less than 0.001 indicated that the model fit the data well.

Table 4.15 Measure of sampling Adequacy for Variable YouTube

KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .860
Bartlett's Test of Sphericity Approx. Chi-Square  25975.811
df 703
Sig. .000

Based on Table 4.16, it was shown that the relationship between YouTube Algorithm (= -0.11,
p<0.02), YouTube Word of Mouth (= 0.17, p<0.01), and YouTube Social Media Influencer (p=
-0.13, p<0.01) and Purchase decision had a p-value < 0.05. Therefore, it was concluded that the

relationship between the variables was proven to have significant influence.
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Table 4.16 Path Coefficients for Variable YouTube

Path coefficients

Variable Constant PrchDec P-value

YuTBALG 0.08 -0.105 <0.02
YuTBWOM 0.22 0.167 <0.01
YuTBSMI 0.15 -0.125 <0.01

The T ratios as seen in Table 4.17, the corresponding P value for comparison indicated a result of
2.074, 3.330, and 2.474 critical values i.e., > 1.645 and 1.960 for both one and two tailed tests at a
confidence level (0.95). Therefore, the relationship between the YouTube Algorithm, Word of

Mouth, Social Media Influencer, and Purchase decision was proven to have significant influence.

Table 4.17 T ratios for Path Coefficients for Variable YouTube

T ratios for path coefficients

YuTBALG YuTBWOM YuTBSMI
Purchdec 2.074 3.330 2.474
Critical T ratios
For one-tailed tests: 1.645.
For two-tailed tests: 1.960.
Confidence level used: 0.95
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The simple linear regression model for the first research question that was used was in the form

Y =00+ F1X1+¢€
Y= Purchase Decision X, = coefficient for YouTube factor
Bo = Constant € = Error term
B1 = YouTube factor
The estimated regression model explaining the results in Table 4.4.6.2 was given by
Online Purchase Decision= 0.08 + -0.105 x YouTube Algorithm
Online Purchase Decision= 0.22 + 0.167 x YouTube Word of Mouth

The

Online Purchase Decision= 0.15 + -0.125 x YouTube Social Media Influencer
model showed that YouTube Algorithm negatively affected Online Purchase decision i.e., a unit
increase in Algorithm use lead to reduced Online Purchase Decision by a negative mean index
value of 0.105. Word of Mouth (WOM) positively affected Online Purchase decision i.e., a unit
increase in WOM use lead to increased Online Purchase Decision by a positive mean index value
of 0.167. Social Media Influencer (SMI) negatively affected Online Purchase decision i.e., a unit

increase in SMI lead to reduced Online Purchase Decision by a negative mean index value of 0.125

The path generated from the WarpPLS SEM model as seen in Figure 4.10 showed that there was
no significant relationship between Purchase decision (R?=0.00) for YouTube (= -0.06, p<0.13)

YouTE p=-0.06
(R)17i (P=0.13)

R?=0.00

Figure 4.10 SEM model for the Independent variable YouTube
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Table 4.18 Path Coefficients for Independent Variable YouTube

Path coefficients

Variable Constant PrchDec P-value

FB 0.020 0.49 <0.13

The estimated regression model explaining the results in Table 4.18 was given by

Online Purchase Decision= 0.020 + -0.06 X YouTube
The model showed that YouTube negatively affected Online Purchase decision i.e., a unit increase
in YouTube use led to a decrease in Online Purchase Decision by a negative mean index value of

0.06 which was not significant.
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4.5 Influence of Facebook on online Purchase Decisions

The study sought to determine the influence of Facebook on online purchasing decisions. This was
achieved by Normality tests, Exploratory factor analysis, Confirmatory factor analysis, developing
a Structural Equation Model, Testing the hypothesis and Model fit analysis.

4.5.1 Tests for Normality
Using the Shapiro-Wilk test as numerical means of assessing normality, as seen in Table 4.19 the
Sig. value of the Shapiro-Wilk Test was less than 0.05 therefore the data significantly deviated

from a normal distribution.

Table 4.19 Facebook Normality test

Tests of Normality

Kolmogorov-Smirnova Shapiro-Wilk
Statistic df  Sig. Statistic df  Sig.
FB 0.049 378 0.032 0.979 3718 0

a Lilliefors Significance Correction

4.5.1.2 Facebook Histogram

As seen in Figure 4.11, from 378 respondents across the survey used on the United States
International University Africa graduate students in the year 2020/21, the variable Facebook
displayed the shape of a normal distribution (M= 3.00, SD= 0.449)

Histogram ~—— Normal

Figure 1.11 Facebook histogram
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4.5.1.3 Facebook Q-Q Plots

The distribution of the data as shown in Figure 4.12, was along the straight line which indicated

that the 378 respondents across the survey were approximately normally distributed.

Normal Q-Q Plot of FB

Expected Normal

20 25 30 35 4.0

Observed Value

Figure 4.12 Facebook Q-Q plot

4.5.1.4 Facebook Box Plot

The box plot as seen in Figure 4.13, indicated symmetry in the distribution of the data, without

outliers.
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Figure 4.13 Facebook box plot
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4.5.2 Principal Component Analysis for Independent Variable Facebook

The eigenvalues produced by a Principal Component Analysis (PCA) could estimate the number
of factors to subsequently investigate in a common factor analysis. The default method used by
many statistical software programs was the eigenvalue > 1 rule and from Table 4.20 it was
established that the data had eight (8) components eligible factor analysis. The eight components
could explain nearly 90.34% of the variability in the original thirty-eight (38) variables, this meant
that we could considerably reduce the complexity of the data set by using these eight components,
with only approximately 10% loss of information.

Table 4.20 Total VVariance Explained

Component Initial Eigenvalues Rotation Sums of Squared Loadings

Total Variance Cumulative Total Variance  Cumulative (%0)
(%) (%) (%)

1 11.581 30.476 30.476 5.630 14.817 14.817

2 6.652 17.505 47.981 4.855 12.776 27.593

3 4.293 11.297 59.278 4.790 12.606 40.198

4 3.974 10.457 69.735 4.232 11.138 51.336

5 2.908 7.651 77.386 4.212 11.084 62.420

6 1.959 5.154 82.541 4.179 10.998 73.418

7 1.779 4.683 87.223 3.871 10.187 83.605

8 1.186 3.121 90.344 2.561 6.739 90.344

9 529 1.393 91.737

10 466 1.227 92.964

11 429 1.129 94.094

34 .018 .048 99.894

35 014 .038 99.932

36 014 .037 99.970

37 .007 .020 99.989

38 .004 011 100.000

Extraction Method: Principal Component Analysis.
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45.2.1 Scree Plot

The data had two (2) distinct elbows as seen in Figure 4.14. The first elbow registered at the third
component, but the prominent elbow registered at the 9" component. Following the eigen value >

1 rule and the visual inspection of the scree plot, the data displayed 9 measurable components.

Scree Plot

Eigenvalue
>

1 3 5 7 9 1 13 15 17 19 21 23 25 27 29 31 33 35 37

Component Number

Figure 4.14 Scree plot

4.5.3 Exploratory Factor Analysis for Independent Variable Facebook

The criteria to identify acceptable EFA solutions included each factor that saliently loaded by at
least three variables, each variable should have loaded saliently on only one factor, each factor
should have demonstrated internal consistency reliability >.70 and all factors should have been
theoretically meaningful. A Principal Component Analysis of the data set identified 3 components
that met all the outlined criteria, as shown in Table 4.21. The independent variable Facebook was
represented by component 4 (FBSMI2, FBSMI3, FBSMI4, FBSMI5, FBSMI6), component 7
(FBAIg1, FBAIlg2, FBAIg3, FBAIg4), and component 8 (FBWOM1, FBWOM4, FBWOMS).
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Table 4.21 Extracted Components for Independent Variable Facebook

Rotated Component Matrix?

Component
1 2 3 4 5 6 7 8

IVFBAIgl 873
IVFBAIg2 956
IVFBAIg3 954
IVFBAIg4 935
IVFBWOML1 .730
IVFBWOM4 955
IVFBWOMb5 933
IVFBSMI2 831

IVFBSMI3 .808

IVFBSMI4 .828

IVFBSMI5 834

IVFBSMI6 .829

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.?

a. Rotation converged in 6 iterations.

4.5.4 Confirmatory Factor Analysis for Variable Facebook
The identified components from the data had an average Cronbach alpha of 0.805 as shown in

Table 4.22 which was acceptable.

Table 4.22 Reliability Statistics for Variable Facebook

Reliability Statistics
Cronbach's Alpha N of Items

0.805 12
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The individual items in Table 4.23 had a score of greater than 0.7 meaning they were all

respectively acceptable for CFA.

Table 4.23 Cronbach alpha for Variable Facebook

Item-Total Statistics

Scale Corrected Squared Cronbach's

Scale Mean if Variance if Item-Total Multiple Alpha if Item

Item Deleted Item Deleted Correlation Correlation  Deleted
IVFBAIg1 39.29 32.213 510 .843 185
IVFBAIg?2 39.23 32.638 503 973 .7186
IVFBAIg3 39.23 32.739 499 962 .7186
IVFBAIg4 39.25 32.687 517 941 185
IVFBWOM1  39.01 40.082 -.265 .545 .828
IVFBWOM4  38.96 39.322 -.132 .882 .826
IVFBWOMS5  38.93 39.124 -.106 .878 825
IVFBSMI2 39.92 29.418 134 .982 .7160
IVFBSMI3 39.90 29.635 709 967 763
IVFBSMI4 39.92 29.373 128 .988 761
IVFBSMI5 39.74 29.072 .681 903 165
IVFBSMI6 39.56 30.740 518 .908 184

Based on Table 4.24, it was found that the average variance explained (AVE) value for each
Facebook component was greatest on itself compared to the correlation AVE value with other

variables, thus, discriminant validity was fulfilled.
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Table 4.24 Discriminant Validity for Variable Facebook

Correlations among Latent variables with square roots of AVEs

PrchDec FBALG FBWOM FBSMI
PrchDec (0.731) -0.093 0.028 -0.071
FBALG -0.093 (0.903) -0.013 -0.226
FBWOM 0.028 -0.013 (0.904) 0.012
FBSMI -0.071 -0.226 0.012 (0.979)

Based on Table 4.25, it was established that the latent variable Facebook had a composite
reliability value > 0.7, and a Cronbach alpha score > 0.7 for each component, consequently, it was

concluded that the composite reliability was attained.

Table 4.25 Composite Reliability for Variable Facebook

Outer model analysis algorithm: PLS Regression

Classic reliability coeffs. FBALG FBWOM FBSMI
Composite reliability 0.945 0.956 0.931
Cronbach's alpha 0.929 0.938 0.886
Factor reliability 0.945 0.956 0.931

4.5.5 SEM Model for Independent Variable Facebook

The path generated from the WarpPLS SEM model as seen in Figure 4.15 showed that there was
a significant relationship between Purchase decision (R?=0.13) for Facebook Algorithm (f=-0.09,
p<0.04), Facebook Word Of Mouth (B= 0.28, p<0.01) and Facebook Social Media Influencer (B=
-0.14, p<0.01).
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Figure 4.15 SEM model for Variable Facebook

4.5.6 Hypothesis testing for Variable Facebook
The data had a significance value of .000 as shown in Table 4.26 indicating that a factor analysis
could be useful with the data. The data met the KMO sampling adequacy requirement with a score

of 0.860. The p-value of less than 0.001 indicated that the model fit the data well.

Table 4.26 Measure of sampling Adequacy for Variable Facebook

KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .860
Bartlett's Test of Sphericity Approx. Chi-Square  25975.811
df 703
Sig. .000

Based on Table 4.27, it was shown that the relationship between Facebook Algorithm (= -0.09,
p<0.04), Facebook Word of Mouth (= 0.28, p<0.01) and Facebook Social Media Influencer (=
-0.14, p<0.01) and Purchase decision had a p-value < 0.05. Therefore, it was concluded that the

relationship between the variables was proven to have significant influence.
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Table 4.27 Path Coefficients for Variable Facebook

Path coefficients

Variable Constant PrchDec P-value
FBALG 0.014 -0.09 <0.04
FBWOM 0.022 0.28 <0.01
FBSMI 0.093 -0.14 <0.01

The T ratios as seen in Table 4.28, the corresponding P value for comparison indicated a result of
Facebook Algorithm at 1.730, Facebook Word of Mouth at 2.857, and Facebook Social Media
Influencer at 5.736 critical values i.e., > 1.645 and 1.960 for both one and two tailed tests at a
confidence level (0.95). Therefore, the relationship between the Facebook Algorithm, Facebook
Word of Mouth, Facebook Social Media Influencer and Purchase decision was proven to have

significant influence.

Table 4.28 T ratios for Path Coefficients for Variable Facebook

T ratios for path coefficients

FBALG FBWOM FBSMI
Purchdec 1.730 2.857 5.736
Critical T ratios
For one-tailed tests: 1.645.
For two-tailed tests: 1.960.
Confidence level used: 0.95

The simple linear regression model for the second research question that was used was in the form

Y=ﬁ0+ﬁ2X2+€

Y= Purchase Decision X,= coefficient for Facebook factor
Bo = Constant € = Error term

B, = Facebook factor
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The estimated regression model explaining the results in Table 4.5.6.2 was given by

Online Purchase Decision= 0.14 + -0.09 x Facebook Algorithm
Online Purchase Decision= 0.22 + 0.28 x Facebook Word of Mouth

Online Purchase Decision= 0.093 + -0.14 x Facebook Social Media Influencer

The model showed that Facebook Algorithm negatively affected Online Purchase decision i.e., a
unit increase in Algorithm use led to reduced Online Purchase Decision by a negative mean index
value of 0.09. Word of Mouth (WOM) positively affected Online Purchase decision i.e., a unit
increase in WOM use led to increased Online Purchase Decision by a positive mean index value
of 0.28. Social Media Influencer (SMI) negatively affected Online Purchase decision i.e., a unit
increase in SMI led to reduced Online Purchase Decision by a negative mean index value of 0.14

The path generated from the WarpPLS SEM model as seen in Figure 4.16 showed that there was
a significant relationship between Purchase decision (R?=0.24) for Facebook (B= 0.49, p<0.01)

Fchook g£=0.49 Prchngc
(RN7i (P<.01) (R)18i

R’=0.24

Figure 4.16 SEM model for the Independent variable Facebook
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Table 4.29 Path Coefficients for Independent Variable Facebook

Path coefficients

Variable Constant PrchDec P-value

FB 0.20 0.49 <0.01

The estimated regression model explaining the results in Table 4.29 was given by

Online Purchase Decision= 0.020 + 0.49 x Facebook Algorithm

The model showed that Facebook positively affected Online Purchase decision i.e., a unit increase

in Facebook use led to increased Online Purchase Decision by a positive mean index value of 0.49.
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4.6 Influence of Instagram on online Purchase Decisions
The study sought to determine the influence of Instagram on online purchasing decisions. This was
achieved by Normality tests, Exploratory factor analysis, Confirmatory factor analysis, developing

a Structural Equation Model, Testing the hypothesis and Model fit analysis.

4.6.1 Tests for Normality
Using the Shapiro-Wilk test as numerical means of assessing normality, as seen in Table 4.6.1, it
was noted that the Sig. value of the Shapiro-Wilk Test was less than 0.05 therefore the data

significantly deviated from a normal distribution.

Table 4.30 Instagram Normality test

Tests of Normality

Kolmogorov-Smirnova Shapiro-Wilk
Statistic df  Sig. Statistic df Sig.
Insta  0.053 378 0.014 0.98 378 0

a Lilliefors Significance Correction

4.6.1.2 Instagram Histogram

As seen in Figure 4.6.1.2 from 378 respondents across the survey used on the United States
International University Africa graduate students in the year 2020/21, the variable Instagram

displayed the shape of a normal distribution (M=3.13, SD=.383)

Histogram — Mormal

& Mean =313
Std_Dev. = 383
N=378

Frequency

Figure 2.17Instagram histogram
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4.6.1.3 Instagram Q-Q Plot

The distribution of the data as seen in Figure 4.6.1.3 was along the straight line which indicated

that the 378 respondents across the survey were approximately normally distributed.

Normal Q-Q Plot of Insta

Expected Normal

20 25 30 35 40

Observed Value

Figure 4.18 Instagram Q-Q plot

4.6.1.4 Instagram Box plots

The box plot as seen in Figure 4.6.1.4, indicated symmetry in the distribution of the data, without

outliers.

Insta

Figure 4.19 Facebook box plot
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4.6.2 Principal Component Analysis for Independent Variable Instagram

The eigenvalues produced by a Principal Component Analysis (PCA) could estimate the number
of factors to subsequently investigate in a common factor analysis. The default method used by
many statistical software programs was the eigenvalue > 1 rule and from Table 4.31 it was
established that the data had eight (8) components eligible factor analysis. The eight components
could explain nearly 90.34% of the variability in the original thirty-eight (38) variables, this meant
that we could considerably reduce the complexity of the data set by using these eight components,
with only approximately 10% loss of information.

Table 4.31 Total VVariance Explained

Component Initial Eigenvalues Rotation Sums of Squared Loadings

Total Variance Cumulative Total Variance  Cumulative (%0)
(%) (%) (%)

1 11.581 30.476 30.476 5.630 14.817 14.817

2 6.652 17.505 47.981 4.855 12.776 27.593

3 4.293 11.297 59.278 4.790 12.606 40.198

4 3.974 10.457 69.735 4.232 11.138 51.336

5 2.908 7.651 77.386 4.212 11.084 62.420

6 1.959 5.154 82.541 4.179 10.998 73.418

7 1.779 4.683 87.223 3.871 10.187 83.605

8 1.186 3.121 90.344 2.561 6.739 90.344

9 529 1.393 91.737

10 466 1.227 92.964

11 429 1.129 94.094

34 .018 .048 99.894

35 014 .038 99.932

36 014 .037 99.970

37 .007 .020 99.989

38 .004 011 100.000

Extraction Method: Principal Component Analysis.
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4.6.2.1 Scree Plot

The data had two (2) distinct elbows as seen in Figure 4.20. The first elbow registered at the third
component, but the prominent elbow registered at the 9" component. Following the eigen value >

1 rule and the visual inspection of the scree plot, the data displayed 9 measurable components.

Scree Plot

Eigenvalue
o

T3 5 7T 9 1 13 15 17 19 21 23 25 27 29 31 33 3B 3T

Component Number

Figure 4.20 Scree plot

4.6.3 Exploratory Factor Analysis for Independent Variable Instagram

The criteria to identify acceptable EFA solutions included each factor that saliently loaded by at
least three variables. Each variable should have loaded saliently on only one factor, each factor
should have demonstrated internal consistency reliability >.70 and all factors should have been
theoretically meaningful. A Principal Component Analysis of the data set identified 8 components
that met all the outlined criteria as shown in Table 4.32. Independent variable Instagram was
represented by component 1 (IVISMIL, IVISMI2 IVISMI3, IVISMI4, IVISMI5, IVISMI6)
component 2 (IVIAIg1, 1VIAIg2 1VIAIg3, IVIAIg4, IVIAIg5), and component 5 (IVIWOML,
IVIWOM2, IVIWOMS3, IVIWOM4, IVIWOMDb)
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Table 4.32 Extracted Components for Independent Variable Instagram

Rotated Component Matrix?

Component

1 2 3 4 5 6 7 8
IVIAIgl 878
IVIAIg2 .895
IVIAIg3 894
IVIAlg4 .889
IVIAIg5 .860
IVIwWOM1 921
IVIWOM2 937
IVIWOMS3 921
IVIWOM4 .899
IVIWOMS .807

IVISMI1 .835
IVISMI2 .860
IVISMI3 .869
IVISMI4 .867
IVISMI5 .864
IVISMI6 .832

Extraction Method: Principal Component Analysis.

Rotation Method: VVarimax with Kaiser Normalization.?
a. Rotation converged in 6 iterations.

4.6.4 Confirmatory Factor Analysis for Variable Instagram
The identified components from the data had an average Cronbach alpha of 0.923 as shown in

Table 4.33 which was acceptable.
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Table 4.33 Reliability Statistics for Variable Instagram

Reliability Statistics
Cronbach's Alpha N of Items

0.923 16

The individual items in Table 4.34 had a score of greater than 0.7 meaning they were all

respectively acceptable for CFA.

Table 4.34 Cronbach alpha for Variable Instagram

Item-Total Statistics

Scale Corrected Squared Cronbach's

Scale Mean if Variance if Item-Total Multiple Alpha if Item

Item Deleted Item Deleted Correlation Correlation  Deleted
IVIAIgl 56.28 84.426 .805 . 912
IVIAIg2 56.29 84.425 .804 . 913
IVIAIg3 56.25 85.137 .809 . 912
IVIAIg4 56.27 84.769 810 . 912
IVIAIg5 56.28 84.164 822 . 912
IVIWOM1 55.70 96.944 314 . 925
IVIWOM2 55.68 97.339 282 . 926
IVIWOM3 55.69 96.855 304 : 926
IVIWOM4 55.63 08.244 272 . 926
IVIWOMS 55.75 102.522 -.118 . 931
IVISMI1 56.07 86.269 152 . 914
IVISMI2 56.02 87.238 125 . 915
IVISMI3 56.06 85.932 .760 . 914
IVISMI14 56.16 90.456 .602 . 919
IVISMI5 56.03 86.169 77 . 914
IVISMI6 56.06 85.577 A74 . 914
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Based on Table 4.35, it was found that the average variance explained (AVE) value for each
Instagram component was greater than the correlation AVE value with other variables, thus,

discriminant validity was fulfilled.

Table 4.35 Discriminant Validity for Variable Instagram

Correlations among Latent variables with square roots of AVEs

PrchDec FBALG FBWOM FBSMI
PrchDec (0.731) 0.004 -0.202 0.227
InStALG 0.004 (0.977) 0.120 0.576
InstWOM -0.202 0.120 (0.840) 0.016
InstSMI 0.227 0.576 0.016 (0.925)

Based on Table 4.36, it was established that the latent variable Instagram had a composite
reliability value > 0.7, and a Cronbach alpha score > 0.7 for each component, consequently, it was

concluded that the composite reliability was attained.

Table 4.36 Composite Reliability for VVariable Instagram

Outer model analysis algorithm: PLS Regression

Classic reliability coeffs. InstALG InstWwOM InstSMI
Composite reliability 0.991 0.932 0.973
Cronbach's alpha 0.988 0.903 0.966
Factor reliability 0.991 0.932 0.973
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4.6.5 SEM Model for Variable Instagram

The path generated form the WarpPLS SEM model as seen in Figure 4.21 showed that there was
a positive significant relationship between Purchase decision (R?=0.30) for Instagram Algorithm
(B= 0.09, p<0.03), Instagram Word Of Mouth (B= -0.21, p<0.01) and Instagram Social Media
Influencer (B= 0.41, p<0.01).
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M {(F)Gi _,-f".. P<.01) L (Ry18i A
“Ar?=0.30
B=0.41

(P£.01)
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Figure 4.21 SEM model for Variable Instagram

4.6.6 Hypothesis testing for Variable Instagram

The data had a significance value of .000 as shown in Table 4.37 indicating that a factor analysis
could be useful with the data. The data met the KMO sampling adequacy requirement with a score
of 0.860. The p-value of less than 0.001 indicated that the model fit the data well.

Table 4.37 Measure of sampling Adequacy for Variable Instagram

KMO and Bartlett's Test

Kaiser-Meyer-Olkin ~ Measure  of  Sampling .860

Adequacy.

Bartlett's Test of Sphericity Approx. Chi-Square 25975.811
df 703
Sig. .000
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Based on Table 4.38, it was shown that the relationship between Instagram Algorithm (f= 0.09,
p<0.03), Instagram Word of Mouth (p=-0.21, p<0.01) and Instagram Social Media Influencer (p=
0.41, p<0.01), and Purchase decision had a p-value < 0.05, therefore, it was concluded that the
relationship between the variables was proven to have significant influence.

Table 4.38 Path Coefficients for Variable Instagram

Path coefficients

Variable Constant PrchDec P-value
InStALG 0.23 0.09 <0.03
InstWOM 0.085 -0.21 <0.01
InstSMI 0.196 0.41 <0.01

The T ratios as seen in Table 4.39, the corresponding P value for comparison indicated a result of
Instagram Algorithm at 2.851, Instagram Word of Mouth at 4.257 and Instagram Social Media
Influencer at 8.360 critical values i.e., > 1.645 and 1.960 for both one and two tailed tests at a
confidence level (0.95). Therefore, the relationship between the Instagram Algorithm, Instagram
Word of Mouth, Instagram Social Media Influencer and Purchase decision was proven to have

significant influence.

Table 4.39 T ratios for Path Coefficients for Variable Instagram

T ratios for path coefficients

INStALG InstWOM InstSMI
Purchdec 2.851 4.257 8.360
Critical T ratios
For one-tailed tests: 1.645.
For two-tailed tests: 1.960.
Confidence level used: 0.95
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The simple linear regression model for the third research question that was used was in the form

Y =B+ B:X3+¢
Y= Purchase Decision X ;= coefficient for Instagram factor
Bo = Constant € = Error term
B3 = Instagram factor

The estimated regression model explaining the results in Table 4.6.6.2 was given by

Online Purchase Decision= 0.23 + 0.09 x Instagram Algorithm

Online Purchase Decision= 0.085 + -0.21 x Instagram Word of Mouth

Online Purchase Decision= 0.196 + 0.41 x Instagram Social Media Influencer
The model showed that Instagram Algorithm positively affected Online Purchase decision i.e., a
unit increase in Algorithm use led to an increase in Online Purchase Decision by a positive mean
index value of 0.09. Word of Mouth (WOM) negatively affected Online Purchase decision i.e., a
unit increase in WOM use led to a decrease in Online Purchase Decision by a negative mean index
value of 0.21. Social Media Influencer (SMI) positively affected Online Purchase decision i.e., a
unit increase in SMI led to an increase in Online Purchase Decision by a positive mean index value
of 0.41

The path generated from the WarpPLS SEM model as seen in Figure 4.22 showed that there was

a significant relationship between Purchase decision (R?=0.28) for Instagram (p= 0.53, p<0.01)

Instagrm 5=0.53 PrchDec
(RN17i (P<.01) (R)13i

R’=0.28

Figure 4.22 SEM model for the Independent variable Instagram
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Table 4.40 Path Coefficients for Independent Variable Instagram

Path coefficients

Variable Constant PrchDec P-value

Instagram 0.29 0.53 <0.01

The estimated regression model explaining the results in Table 4.40 was given by

Online Purchase Decision= 0.029 + 0.53 x Instagram
The model showed that Instagram positively affected Online Purchase decision i.e., a unit increase
in Instagram use led to an increase in Online Purchase Decision by a positive mean index value of
0.53.
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4.7 Influence of YouTube, Facebook, and Instagram on online Purchase Decisions
4.7.1 Exploratory Factor Analysis for Independent Variables YouTube, Facebook, and

Instagram

The criteria to identify acceptable EFA solutions included each factor that saliently loaded by at
least three variables. Each variable should have loaded saliently on only one factor, each factor
should have demonstrated internal consistency reliability >.70 and all factors should have been
theoretically meaningful. A Principal Component Analysis of the data set identified 8 components
that met all the outlined criteria. Independent variable YouTube was represented by component 3
(IVYuTbSMI2, IVYUTbSMI3, IVYuTbSMI4, IVYuTbSMI5, IVYuTbSMI6) and component 6
(IVYUTbAIg1, IVYuTbAIg2, IVYuTbAIg3, IVYuTbAlg4, IVYuTbAIg5). The independent
variable Facebook was represented by component 4 (FBSMI2, FBSMI3, FBSMI4, FBSMI5,
FBSMI6), component 7 (FBAIgl, FBAIg2, FBAIg3, FBAIg4), and component 8 (FBWOML1,
FBWOM4, FBWOMS). Independent variable Instagram was represented by component 1
(IVISMI1, IVISMI2 IVISMI3, IVISMI4, IVISMI5, IVISMI6) component 2 (IVIAIgL, IVIAIg2
IVIAIg3, IVIAIg4, IVIAIg5), and component 5 (IVIWOM1, IVIWOM2, IVIWOM3, IVIWOM4,
IVIWOMS).

4.7.2 Confirmatory Factor Analysis for Independent Variables YouTube, Facebook, and
Instagram
The identified components from the data had an average Cronbach alpha of 0.907 as shown in

Table 4.41 which was acceptable.

Table 4.41 Reliability Statistics for Independent Variables YouTube, Facebook, and

Instagram
Reliability Statistics
Cronbach's Alpha N of Items
0.907 38

Based on Table 4.42, it was found that the average variance explained (AVE) value for each
variable was greater than the correlation AVE value with other variables, thus, discriminant
validity was fulfilled.
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Table 4.42 Discriminant Validity Independent Variables YouTube, Facebook, and

Instagram
Correlations among Latent variables with square roots of AVESs
PrchDec YouTube Facebook Instagram
PrchDec (0.731) -0.023 0.088 0.124
YouTube -0.023 (0.687) -0.008 -0.031
Facebook 0.088 -0.008 (0.637) 0.679
Instagram 0.124 -0.031 0.679 (0.697)

Based on Table 4.43, it was established that the latent variable Instagram had a composite
reliability value > 0.7, and a Cronbach alpha score > 0.7 for each component, consequently, it was

concluded that the composite reliability was attained.

Table 4.43 Composite Reliability Independent Variables YouTube, Facebook, and

Instagram
Outer model analysis algorithm: PLS Regression
Classic reliability coeffs. YouTube Facebook Instagram
Composite reliability 0.936 0.434 0.922
Cronbach's alpha 0.926 0.767 0.913
Factor reliability 0.936 0.434 0.922

4.7.3 SEM Model for Independent Variables YouTube, Facebook, and Instagram

The path generated form the WarpPLS SEM model as seen in Figure 4.23 showed that there was
a positive significant relationship between Purchase decision (R?=0.31) for Facebook (B= 0.24,
p<0.01) and Instagram (B= 0.36, p<0.01). There was a negative not significant relationship
between Purchase decision (R?=0.31) and YouTube (B=-0.03, p<0.28)
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Figure 4.23 SEM model for Independent Variables YouTube, Facebook, and Instagram

4.7.4 Hypothesis Testing for Independent Variables YouTube, Facebook, and Instagram
The data had a significance value of .000 as shown in Table 4.44 indicating that a factor analysis
could be useful with the data. The data met the KMO sampling adequacy requirement with a score
of 0.860. The p-value of less than 0.001 indicated that the model fit the data well.

Table 4.44 Measure of sampling Adequacy for Independent Variables YouTube, Facebook,

and Instagram

KMO and Bartlett's Test

Kaiser-Meyer-Olkin ~ Measure  of  Sampling .860

Adequacy.

Bartlett's Test of Sphericity Approx. Chi-Square 25975.811
df 703
Sig. .000
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Based on Table 4.45, it was shown that the relationship between You Tube (p= -0.03, p<0.28),
Facebook (B=-0.24, p<0.01), Instagram (B= 0.36, p<0.01), and Purchase decision had p-value <
0.05, for only two of the variables. Therefore, it was concluded that only the relationship between

the Independent Variables Facebook and Instagram were proven to have significant influence.

Table 4.45 Path Coefficients for Independent Variables YouTube, Facebook, and Instagram

Path coefficients

Variable Constant PrchDec P-value
YouTube 0.020 -0.03 <0.28
Facebook 0.116 0.24 <0.01
Instagram 0.189 0.36 <0.01

The T ratios as seen in Table 4.46, the corresponding P value for comparison indicated a result of
YouTube at -0.589, Facebook at 4.729 and Instagram at 7.313 critical values i.e., > 1.645 and
1.960 for both one and two tailed tests at a confidence level (0.95). Therefore, the relationship
between Facebook, Instagram and Purchase decision was proven to have significant influence. The

relationship between YouTube and Purchase decision was proven not to have significant influence.

Table 4.46 T ratios for Path Coefficients for Independent Variables YouTube, Facebook, and

Instagram

T ratios for path coefficients

YouTube Facebook Instagram
Purchdec -0.589 4.729 7.313
Critical T ratios
For one-tailed tests: 1.645.
For two-tailed tests: 1.960.
Confidence level used: 0.95
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Based on Figure 4.23, it was shown that the relationship between Purchase decision (R?=0.31) for
Facebook (B= 0.24, p<0.01) and Instagram (p= 0.36, p<0.01) had a p-value < 0.05. It showed that
the relationship between Purchase decision (R%*=0.31) for Facebook (B= 0.24, p<0.01) and
Instagram (B= 0.36, p<0.01) had a p-value < 0.05. Therefore, it was determined that the
relationship between Purchase decision (R?=0.31) for Facebook (B= 0.24, p<0.01), at p-value less
than 0.05 proved to have significant influence. It was also determined that the relationship between
Purchase decision (R?=0.31) for Instagram (B= 0.36, p<0.01), at p-value less than 0.05 proved to
have significant influence. However, there was a negative relationship between Purchase decision
(R%=0.31) and YouTube (B= -0.03, p<0.28) at a p-value greater than 0.05. It was therefore
determined that the relationship between Purchase Decision and YouTube proved to not have

significant influence.

The following regression model was used to assess the combined effect of the two significant

independent variables in relation to the dependent variable

Y =B+ B2X; + B3X3+ ¢

Y= Purchase Decision B =Instagram factor
Bo =Constant X;=coefficient for Instagram factor
B, = Facebook factor € = Error term

X,= coefficient for Facebook factor

The estimated regression model explaining the results in Table 4.7.4.2 was given by

Online Purchase Decision=0.13 + 0.116+0.24 x Facebook  + 0.189+0.36 x Instagram

The model showed that Facebook positively affected Online Purchase decision i.e., a unit increase
in Facebook use led to an increase in Online Purchase Decision by a positive mean index value of
0.24. Instagram positively affected Online Purchase decision i.e., a unit increase in Instagram use

led to an increase in Online Purchase Decision by a positive mean index value of 0.36.
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4.8 Chapter Summary

The findings from the collected data on influence of Social Media Applications on online purchase
decisions of USIU Africa graduate students during the Covid-19 pandemic were presented in this
section. The results and findings presented for influence included and were limited to YouTube,
Facebook, Instagram and the influenced they had on online purchase decisions of USIU Africa
graduate students during the Covid-19 pandemic. The next chapter was discussion, conclusion,

and recommendations of the study.
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CHAPTER FIVE

5.0 DISCUSSION, CONCLUSION, AND RECOMMENDATIONS

5.1 Introduction

The discussion, conclusion, and recommendations on influence of YouTube, Facebook, Instagram,
on online purchase decisions of USIU Africa graduate students during the Covid-19 pandemic
have been presented in this section. This chapter provides the summary of findings, discussions,
conclusions, and recommendations on influence of YouTube, Facebook, and Instagram, on online

purchase decisions.

5.2 Summary

To understand the influence of YouTube, Facebook, Instagram, on online purchase decisions of
USIU Africa graduate students during the Covid-19 pandemic, this study was guided by the
following research questions (i) How does YouTube influence the online purchase decisions of
USIU Africa graduate students during the Covid-19 pandemic (ii) How does Facebook influence
the online purchase decisions of USIU Africa graduate students during the Covid-19 pandemic
(iii) How does Instagram influence the online purchase decisions of USIU Africa graduate students
during the Covid-19 pandemic and (iv) How does WhatsApp influence the online purchase
decisions of USIU Africa graduate students during the Covid-19 pandemic. The study focused on
the United States International University Africa, and it targeted 2020-21 USIU-A graduate

students as the population of interest.

A descriptive correlational approach was used. The target group consisted of 1086 USIU Africa
graduate students. A stratified sampling strategy was used in the research where a structured survey
was employed to obtain primary data for this study. A sample size of 378 USIU Africa graduates
was obtained. Simple frequencies, as well as means and standard deviations were employed during
the analysis. Analysis commenced with a principal component analysis, followed by confirmatory
factor analysis which culminated with Structural Equation Modelling that was used to develop a
relationship model for the variables. Hypothesis testing and model fit analysis was done on the
model with the analysis concluding at linear equation model for each of the variables and a

combined linear equation for all variables.
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The response rate out of the target population of 385 was 378 respondents in the survey which
contained 244 (64.6%) female and 134 (35.4%) male respondents. 170 (45%) were 31-36 years in
age, 167 (44.2%) were 25-30 years in age and 32 (8.5%) were 37and above years in age. Most
used Social Media applications to follow the news on products/services (M=4.39, SD=0.614), and
to check all forms information needed that related to people’s experiences with products/ services
before a purchase (M=4.39, SD=0.614). Most agreed that Online purchase platforms were secure
(M=4.01, SD=0.566), and Online purchase platforms provided the most information on
product/service (M=4.06, SD=0.465). Most respondents disagreed with the feeling that using
social media applications when making online purchases would violate their privacy (M=2.6,
SD=0.937). The respondents did not find using social media applications intimidating when
wanting to make an online purchase (M=2.38, SD=0.813). Most respondents agreed with lack of
time needed as a barrier to access online purchase platforms (M=3.22, SD=1.063), lack of adequate
funds needed to make purchases on online purchase platforms (M=3.46, SD=1.053), and lack of
resources for connection to the Internet as a barrier to use of Social Media Applications (e.g., not
enough data bundles, bandwidth) (M=3.39, SD=1.033).

In the descriptive findings, most respondents agreed with reading recommendations on products
and services from advertisements on online purchase platforms (M=3.79, SD=1.009), reading
about experiences from other people with products and services that interest them on online
purchase platforms (M=3.75, SD=0.944), and using advertised recommendations to buy a product
on online purchase platforms (M=3.75, SD=0.841). The regression model used to assess influence
of YouTube on Purchase Decision showed that YouTube Algorithm negatively affected Online
Purchase decision (B= -0.11, p<0.02) i.e., a unit increase in Algorithm use led to a reduction in
Online Purchase Decision by a negative mean index value of 0.105 at Purchase decision
(R%=0.04). It showed that YouTube Word of Mouth (WOM) positively affected Online Purchase
decision (B=0.17, p<0.01) i.e., a unit increase in WOM use led to an increase in Online Purchase
Decision by a positive mean index value of 0.167 at Purchase decision (R?=0.04). It also showed
that YouTube Social Media Influencer (SMI) negatively affected Online Purchase decision (= -
0.13, p<0.01) i.e., a unit increase in SMI led to a reduction in Online Purchase Decision by a
negative mean index value of 0.125 at Purchase decision (R%=0.04). However, it was determined

from the model that there was no significant relationship between Purchase decision (R%=0.00) for
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YouTube (B= -0.06, p<0.13) i.e., a unit increase in YouTube use led to a decrease in Online

Purchase Decision by a negative mean index value of 0.06 which was not significant.

Most respondents agreed with usually reading recommendations on products and services from
friends on online purchase platforms (M=3.05, SD=1.400), being pleased to read about the
experiences other people have had with products and services that interest them on online purchase
platforms (M=4.21, SD=0.520), and usually using rating and reviews by others about products on
online purchase platforms (M=4.25, SD=0.506). The regression model used to assess influence of
Facebook on Purchase Decision showed that Facebook Algorithm negatively affected Online
Purchase decision (= -0.09, p<0.04), i.e., a unit increase in Algorithm use led to a reduction in
Online Purchase Decision by a negative mean index value of 0.09 at Purchase decision (R%=0.13).
Word of Mouth (WOM) positively affected Online Purchase decision (f=0.28, p<0.01) i.e., a unit
increase in WOM use led to an increase in Online Purchase Decision by a positive mean index
value of 0.28 at Purchase decision (R?=0.13). Social Media Influencer (SMI) negatively affected
Online Purchase decision (p=-0.14, p<0.01) i.e., a unit increase in SMI led to a reduction Online
Purchase Decision by a negative mean index value of 0.14 at Purchase decision (R?=0.13). It was
determined from the model that there was a significant positive relation between Purchase decision
(R?=0.24) for Facebook (p= 0.49, p<0.01) i.e., a unit increase in Facebook use led to an increase

in Online Purchase Decision by a positive mean index value of 0.49.

Most respondents agreed with relying on celebrities/influential persons’ recommendations to buy
a product when intending to purchase on online purchase platforms (M=3.83, SD=1.041), relying
on celebrities/influential persons’ rating and reviews about products to make online purchase
decisions when intending to purchase on online purchase platforms (M=3.71, SD=0.929), and
using advertising from celebrities/influential persons for acquiring information about a product
when intending to purchase on online purchase platforms (M=3.73, SD=0.924). The regression
model used to assess influence of Instagram on Purchase Decision showed that Instagram
Algorithm positively affected Online Purchase decision (= 0.09, p<0.03) i.e., a unit increase in
Algorithm use led to an increase in Online Purchase Decision by a positive mean index value of
0.09 at Purchase decision (R%=0.30). Word of Mouth (WOM) negatively affected Online Purchase
decision (B=-0.21, p<0.01) i.e., a unit increase in WOM use led to a decrease in Online Purchase

Decision by a negative mean index value of 0.21 at Purchase decision (R>=0.30). Social Media
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Influencer (SMI) positively affected Online Purchase decision (B= 0.41, p<0.01) i.e., a unit
increase in SMI led to an increase in Online Purchase Decision by a positive mean index value of
0.41 at Purchase decision (R%=0.30). It was determined from the model that there was a significant
positive relation between Purchase decision (R?=0.28) for Instagram (p= 0.53, p<0.01) i.e., a unit
increase in Instagram use led to an increase in Online Purchase Decision by a positive mean index
value of 0.53.

The regression model used to assess the combined effect of the independent variables showed that
Facebook positively affected Online Purchase decision i.e., a unit increase in Facebook use led to
an increase in Online Purchase Decision by a positive mean index value of 0.24 at Purchase
decision (R?=0.31). Instagram positively affected Online Purchase decision i.e., a unit increase in
Instagram use led to an increase in Online Purchase Decision by a positive mean index value of
0.36 at Purchase decision (R%=0.31). However, in the combined analysis it was concluded that the
relationship between Purchase Decision and YouTube did not have a significant influence since

its p-value was greater than 0.05 at Purchase decision (R%=0.31).

5.3 Discussion

5.3.1 YouTube and Online Purchase Decisions

This study established that the independent variable YouTube Word of Mouth did have a positive
significant influence on the online purchase decisions of USIU Africa graduate students during the
Covid-19 pandemic. This was in line with Klein (2020) who had revealed that customers’ exposure
across earned media could increase brand purchase likelihood. Curle (2020) had further stated that
collaborations could increase loyalties as they sparked and generated more interest. Author, (2018)
reiterated that the potential in YouTube could; improve brand awareness, engagement, generate
more leads and conversions, drive more traffic to a website and improve sales i.e., influence.
Bonson, Bednarova , and Escobar-rodriguez, (2014) highlighted that video as a very powerful
medium because it combined sight, sound, motion, and emotion to reach our senses and our
psyche. For that reason, video could be more influencing than other media types. The positive
findings agreed with Patel (2019) who had stated that referrals converted 30% better and had a
16% higher lifetime value than leads acquired via other channels. Word-of-mouth and referral
marketing were cost effective, powerful, and trusted. When we had a good experience with a brand,

product, or service, we were more than happy to share it with others.
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Klein’s (2020) assessments identified where company-controlled advertising previously
dominated, peer-to-peer media; consumer reviews, social media activities and WOM presented
more if not equally important sources of brand information. The findings also agreed with Mohan,
Nagadeepa, and Bharathi (2020) who opined that, WOM was one of the mediums most influencing
consumer’s buying behaviour because satisfied customers engaged in greater WOM than the
customers who experience moderate levels of satisfaction. Since WOM reviews were written, they
persist over time and could be viewed by anyone, anywhere, and at any time. Involved customers
were more probable to seek and contribute to product-related information, than non-involved
customers. Due to involved customers’ expertise and interest, other persons recognised them as
being knowledgeable and asked them for advice. Therefore, involved customers were more likely
to refer a provider that they had confidence in leading to influence. The WOM findings underlined
Patel’s (2019) results where we were reminded that we trust our family, friends, and even strangers
more than we trust advertisements and brands. Referral marketing could take many forms, but it
was generally a way to get your biggest fans to help spread the word about your brand. Referral
marketing turned your current customers into brand advocates. Patel’s findings on the element of
trust could also explain why YouTube Algorithm and Social Media Influence had a negative

influence.

This study established that YouTube Social Media Influencer could account for some variation in
the influence on the online purchase decisions for USIU graduate students during Covid-19. The
findings agreed with Bonson, Bednarova, and Escobar-Rodriguez, (2014) who had set the stage
for this study after stating that having a YouTube channel without utilizing its features and
engaging with stakeholders was a missed opportunity. The negative findings for social media
influencer indicated that SIMElabAfrica (2019) were on track when insisting that influencers were
influential because they commanded a niche in the space of social media communities but that
return on investment would not materialize if an influencer did not align to the brand, therefore,
the work of a brand custodian was to recognize the niche needed to invade and find the leader of
that niche. Just having an influencer on the platform could not automatically lead to an increase in
purchase behaviour but it was the identification of an influencer that aligned with the brand that

could lead to increased online purchase behaviour.
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The negative Algorithm influence was in line with Covington’s (2016) proposal that a business
may wonder why their content was not always readily available to all consumers on YouTube. It
was important that communication efforts were not only based on the strategies of the businesses
but keeping in mind that YouTube was a business in itself. Its own objectives and mechanisms
were squarely aimed to manage content that kept their consumers entertained, engaged and
consistently coming back for content. The negative Influencer findings reinforced SIMElabAfrica
(2019) proposal that it was easy to think that influencer marketing was only about finding an
individual with a large following and endorsing them to say positive things about a brand. They
emphasized the need to employ effective strategies that ensured success for the brand in terms of
return on investment, more followers or engagement for an influencer, without compromising the
quality of their audiences. The key precepts when engaging with influencers were to keep in mind
the “influencer fit”. Where the influencer-brand/ business fit was paramount to desired influence
activities. The negative findings could also serve as a reminder for businesses that aimed to
communicate through YouTube, needing to factor in if the intended information could best be
transmitted through this platform. Klein (2020) had warned that in as much as there are strengths
and opportunities, the platform was labour intensive, and the algorithm could not necessarily be
altered by the business. This was supported by Author (2018) who also reminded us that YouTube
could be more time-consuming than other social networks when comparing writing an update and

creating images versus consistently creating new video content.

However, YouTube had a negative effect on the Online Purchase Decision that was not significant.
When combined with the other variables and it was established that YouTube still did not have a
significant influence on Purchase Decision. This was in line with Klein (2020) who had revealed
that diversifying a media budget across paid and earned media on YouTube could lead to greater
brand purchase likelihood. His argument being that inability to assess quality levels prior to
purchase due to a lack of information, could prevent customers from buying a product or service.
Therefore, alluding to the fact that it could be the quality of the information shared on the platform
that possessed the influence factor on the purchase decision rather than just having information

available on the platform.
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5.3.2 Facebook and Online Purchase Decisions

This study established that Facebook was the most preferred application for use, at 39% of the
respondents. This agreed with Carter and Yeo’s (2015) results that one of the two most popular
apps cited by their respondents as “addictive”, was Facebook. These findings aligned with their
report suggesting postgraduates were inclined to trust the Apps for information, but not necessarily
as an only source for the basis of use. The findings aligned with Cruz-Céardenas, et al. (2019) who
had stated that intensity of the use of SNSs lead to greater social capital and cumulative use of
SNSs positively associated with online purchases.

This study established that independent variable Facebook Word of Mouth had a positive
significant influence on the online purchase decisions of USIU Africa graduate students during the
Covid-19 pandemic. Facebook Word of Mouth could account for some variation in the influence
on the online purchase decisions for USIU graduate students during Covid-19. These findings
aligned with Clootrack.com, (2020) who had highlighted information on social media platforms
would become a source of influence on consumers and their buying behaviour since people used
social media to; share their experiences as customers, product reviews, information about a service,
etc. The findings alluded to the constant dialogue between the customer and brand was essential

to keep a strong relationship.

The positive WOM findings were in line with Carter and Yeo’s (2015) who had revealed that
mobile users were not easily influenced by advertisements and promotional messages and could
overcome their temptation to purchase any product online. However, they likely made an impulse
buying decision when their peer recommended it, which probably helped them reduce their
financial burden. Which was also true for Shalom and Yaniv (2017) who had noted that WOM
received on digital channels was valued by consumers in some cases, more highly than primary

experience, subsequently influencing product judgment.

This was in line with Boyd (2019) who had stated Facebook would give more weight to
conversations between people than those between a page and a person. Otiende (2018) had opined
that Word of mouth marketing was dispensed through opinion leaders described as individuals
who exerted an unequal amount of influence on the decisions of others. The information provided
by these opinion leaders was considered by audiences to be more trustworthy than any form of

mass advertising. Thus these opinion leaders were more valuable to consumers when making
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decisions regarding purchasing. Digital Marketing (2020) had further stated Facebook had made
changes to their algorithm placing a far greater emphasis on displaying content from friends and
connections and less material from brands (WOM). The social platform would track ‘meaningful

interactions’ of users to get a better idea of what content would benefit users.

The positive findings were in line with Cruz-Cérdenas, et al. (2019) who had stated that consumer
engagement was shown to be a powerful concept in understanding value creation. The consumer’s
engagement with the brand could generate; value through purchases made, value through referrals
of new customers, value through the influence on other consumers and, value through the feedback
provided to the company. Additionally, intensity of the use of SNSs led to greater social capital

and cumulative use of SNSs positively associated with online purchases.

The negative findings on Influencer were in line with Carter and Yeo’s (2015) findings that had
revealed that mobile users were not easily influenced by advertisements and promotional
messages. They could overcome their temptation to purchase any product online. They also found
marketing or advertising messages annoying, irritating, time consuming and redundant. Based on
this proposition, business organisations and marketers had to take heed of the variations in
perceived consumer attitude and norms exhibited by consumers from different countries, and

distance themselves from “one size fits all” strategies globally.

The negative findings on Algorithm could be explained by Montells (2017) statements that
Facebook’s objective was to keep everybody happy, making sure that the clients received only
information that was valuable for them. If the first thing a user did on Facebook was search for
posts of family, partners, friends or a favourite clothing brand, Facebook’s algorithm knew without
a doubt that if these publications appeared in a newsfeed, they would receive more interactions
than if other content was shown. Facebook algorithm leaned toward the quality of the posts
therefore the users only interacted with posts that appealed to them. Hence businesses needed to
understand their target population first to not only identify which posts would have maximum
effect but also increase interest and interaction on their posts. The negative findings on the
algorithm were in line with Boyd (2019) who had stated, 27% of people thought the algorithm got

them wrong.

Digital Marketing (2020) had also stated that Facebook made changes to their algorithm that
placed a far greater emphasis on displaying content from friends and connections and less material
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from brands. Facebook could limit the number of ads a page can run at once in 2020 and the users
could remove the unwanted advertiser in their Facebook account ad preferences. This meant that
the businesses needed to not only understand their consumer base but also tailor their posts after
understanding the algorithm. This would ensure their posts were given priority ranking and the
clients could interact with their brand. This was also in line with Otiende (2018) who stated the
algorithm attempted to work out how likely a user was to like or interact with content, keeping

things it thought they would not engage with out of a timeline.

5.3.5 Instagram and Online Purchase Decisions

This study established that independent variable Instagram Algorithm and Instagram Social Media
Influencer did have a positive significant influence on the online purchase decisions of USIU
Africa graduate students during the Covid-19 pandemic. This was in line with Daalhuizen (2016)
who had stated the algorithm was regarded as a helpful navigation software, escorting users
through huge amounts of content. It had been accepted that algorithms were far from neutral and

had a degree of control to users' perception.

The positive findings supported Cooper (2020) who had stated that following a page and liking
every picture calculated to a higher interest in a specific account in comparison with a single like
on one picture. The algorithm bumped up posts from accounts that a user already interacted with.
Therefore, if users had enjoyed certain types of posts in the past, the algorithm was more likely to
show that type of post to them in the future. The positive findings were in line with Gotter (2019)
who had opined that if a certain user had interacted with a lot of past content from a user, they
would be more likely to see future content from the specified user. This made continual, repeat
engagement on posts important for building a loyal audience. Therefore, by combining interactions
with timeliness, the algorithm created feeds which were based on calculations instead of time only.

These calculations were produced by Instagram hence the users could not circumvent it.

The positive findings agreed with Nathaniel, Phua, Lim, and Jun, (2017) who had opined that
brand community members, and bloggers were found to significantly increase consumers’ positive
brand attitudes and purchase intentions. Social media-based influencer marketing had become a
highly popular way for brands to engage their consumers online. It is due to its ability to reach a
large segment of consumers in a relatively short period of time, coupled with its low cost compared

to traditional ad campaigns. This also supported Loureiro and Sarmento (2018) who had suggested
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that the type of endorsement is a factor that influences the consumers' intention to buy. Some
consumers felt more intent to buy from an endorsement situation, where celebrities promoted a
brand or product through their Instagram account, than through a press announcement advertising
campaign. It is an indication that proximity and ease with which the product was demonstrated in
the celebrity social network, made the recommendation have greater impact. Their study
confirmed the influence of celebrity endorser as an effective tool for promoting brands in social

networks, particularly those celebrities who had a pro-social behaviour.

The findings agreed with Chung and Muk’s, (2017) study which implied the positive relationship
between attitude toward social media marketing messages and online shoppers’ impulsive
shopping behaviour increased consumers’ hedonic shopping values. The findings were in line with
Cooper (2020) who had stated that the algorithm bumped up posts from accounts that a user already
interacted with. For brands and creators, this meant that focusing on community engagement was
key. The findings agreed with Joachim (2017) who had aslo highlighted that by engaging prospects
and customers on Instagram, one could establish credibility, showing the customer’s opinions
matter. After seeing their ideas transformed into reality, the business that engaged consumers early,
had more than likely increased their customer base. Therefore Alonso-Almeida , Bremser, and
Llach, (2015) were correct in implying that consumers needed awareness about a brand and their
offering so that when they narrowed down their choices, social media influenced their choice.
Insisting that the development of successful strategies was the difference between survival and

insolvency.

The negative finding on WOM had been highlighted by Duffet (2014) who had opined that many
organizations and their brands used social media marketing communications without truly
understanding the real influence that these digital conduits exert on consumers’ attitudinal
responses. They did not reflect on which usage and demographic variables had a favorable
influence. This was in line with Erkan (2015) who had noted marketers seeking spread of posts in
eWOM through more likes, needed to be less product oriented in social media. Rather than using
product visuals in each post, they could adopt other concepts that did not have direct selling intent.
This meant that people might require differing amounts of detailed information, about different

types of products, to increase the effect of WOM. Erkan futher stated that not all content generated
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by businesses got the same response from customers. Some of the posted content led users to

eWOM and spread rapidly, whilst others did not.

5.4 Conclusion

5.4.1 YouTube and Online Purchase Decisions

This study established that YouTube had a negative effect on the Online Purchase Decision for
USIU graduate students during Covid-19 that was not significant. When combined with the other
variables and it was established that YouTube still did not have a significant influence on Purchase
Decision. Therefore, alluding to the fact that it could be the quality and compatibility of the
information shared on the platform that possessed the influence factor on the purchase decision

rather than just having information available on the platform.

5.4.2 Facebook and Online Purchase Decisions

This study established that not only did Facebook have a positive effect on the Online Purchase
Decision for USIU graduate students during Covid-19 that was significant, but it was also the most
preferred application for use. This meant that the businesses needed to not only understand their
consumer base but also tailor their posts after understanding the Facebook as an application. This
was due to the fact of Algorithm and Social Media Influencer having a negative effect on the
Online purchase Decision. Therefore, this alluded to the fact that effectiveness in the use of
Facebook leaned not only on the quality of the posts but the compatibility of the message with the

element of the application chosen i.e., Algorithm, WOM or SMI.

5.4.3 Instagram and Online Purchase Decisions

This study established that that Instagram positively affected Online Purchase decision for USIU
graduate students during Covid-19. This meant that the businesses needed to not only understand
their consumer base but also tailor their posts after understanding Instagram as an application. This
was due to the fact of WOM having a negative effect on the Online purchase Decision. Therefore,
this alluded to the fact that effectiveness in the use of Instagram leaned not only on the quality of
the posts but the compatibility of the intended message with the element of the application chosen
i.e., Algorithm, WOM or SMI.
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5.5 Recommendations

5.5.1 Recommendations for Improvement

5.5.1.1 YouTube and Online Purchase Decisions

This study recommended that organizations needed to appreciate and exploit the potential of
YouTube in complementing influence of purchase decisions of consumers. Especially for product,
brand and dealer/store choice. The management of various organizations could apply the insights
from this study for decision making purposes regarding the most suitable and efficient social media
platform to use in marketing and reaching out to their targeted customers. YouTube was an
interesting platform for corporate communication, as it dealt with social video, and it was the

world’s largest video sharing platform.

5.5.1.2 Facebook and Online Purchase Decisions

This study recommended that Kenyan policy makers should consider Facebook as a means of
communication. The available different content formats not only allow for creativity and
interactions, but they allowed cross posting the same adverts on Facebook to YouTube and
Instagram, increasing the overall influence reach. Facebook was the highest used application, plus
the WOM element of the variable could account for some of the variance in the online purchase
decision. Therefore, this influence-power could be harnessed by the government agencies to

educate and aid in implementation of policy and governance.

5.5.1.3 Instagram and Online Purchase Decisions

This study recommended that small to medium enterprises (SMEs) should take time to study and
understand how to use the Instagram Algorithm in their daily transactions. Instagram could be
effective if used for objectives such as marketing, communication, sales, advertising, innovation,
problem resolution, customer service, information technology, and driving purchase decisions.
Understanding the Algorithm could increase their reach and further influence the purchase

decisions of their intended consumers.

5.5.2 Recommendations for Further Research
The study only focused on USIU-A during the Covid-19 pandemic. Future studies could focus on
the influence of social media platforms on purchasing decision in more universities within Kenya

both private and public, post Covid-19 pandemic. Thus, there is a need for similar studies to be
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undertaken post lifting of Covid-19 restrictions, including Social Media Applications such as
WhatsApp, Tiktok, Telegram, Signal, and Websites.
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APPENDIX

Appendix: I. COVER LETTER
COVER LETTER

DATE: 20 February 2021

Cell: 0720745400
macharianicholas@ymail.com

P. O Box 333, 00511 Ongata Rongai
Dear Respondent,

RE: RESEARCH QUESTIONAIRE

| am a graduate student at the United States International University Africa pursuing a Master’s in
Management and Organizational Development (MOD). | am currently conducting research on the
influence of social media platforms on online purchase decisions of USIU-A post graduate students
during the Covid-19 pandemic in partial fulfilment of the MOD program. The results of the survey
will be instrumental in developing strategies to respond effectively to business communication

strategies.

Kindly spare at least 10 minutes of your valuable time to go through and fill in the questionnaire
attached.

Yours Sincerely

Macharia Nicholas N.
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Appendix: I1. CONSENT FORM
This research is being conducted by Mr Macharia Nicholas N. from the Masters of Science in

Management and Organizational Development (MOD) program.

Purpose: I am currently conducting research on the influence of social media platforms on online
purchase decisions of USIU-A post graduate students during the Covid-19 pandemic in partial
fulfilment of the MOD program

Participants: In order to qualify for this study, you must be a graduate student in USIU-A in the
year 2020/21. 1t is anticipated that between 200 and 300 people will participate in this study.

Procedure. You will need to complete a questionnaire broken down into 6 sections that will cover
preferences and activities that influence your intention to purchase goods and services online. The
questions will focus on your use of YouTube, Facebook Instagram, and WhatsApp in relation to

online purchase intentions.

Risks and benefits: There are no known risks or discomforts associated with this study. The results
obtained may eventually aid in the development of theories relating to social media platforms in

relation to influence in intention to purchase goods and services online.

Voluntary participation: As a participant, your privacy is of utmost priority as is your valued input
towards providing the information required. By participating in this study, you consent to the
researcher using the information provided to complete the purpose of the study. However, you can
withdraw verbally, electronically through e-mail, or by telephone. At any point in this study, you

may withdraw without penalty, retaliation, or mistreatment.

Confidentiality: All identifying information obtained from this study will be kept strictly
confidential. Being an academic research, confidentiality during and after the study completion

will be strictly adhered to, in line with USIU-A research guidelines.

Consent: | have read and understood the above information, and | willingly consent to participate
in this study. I understand that if | should have any questions about my rights as a research subject,

| can contact the researcher on macharianicholas@ymail.com.
| have received a copy of this consent form.

Your Signature:
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Appendix: 111. QUESTIONNAIRE

Questionnaire

Please tick the respective and appropriate box for your answer

Section 1: General Information

1. Gender

Male

Female

2. Age

24 and

25-30

31-36

37 and

3. Length of time | have used social media applications when making an online purchase

decision

Less than one year

2-3 years

4-5 years

More than 6 years

4. The Application I most prefer when making an online purchase decision

YouTube

Facebook

Instagram

WhatsApp

Other

If your answer for Q4 is Other kindly state, the Social media application name
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Section 2: Online Purchase behaviour

1. General statements about my use of Social Media Applications when

making an online purchase decision

Kindly use the score 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree)
5 (Strongly agree) to select the most appropriate response to the following

statements on Social Media Applications

Send and receive messages on products/services

Follow the news on products/services

Find general information on products/services

Find specific information related to products/services

Engage friends on conversations related to products/services

Make comparisons on products/services available

Watch videos on products/services

S|Q| e o ooc| e

Check all forms information I need related to people’s experiences with

products/ services before | purchase

2. Negative statements to making an online purchase decision
Kindly use the score 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree)
5 (Strongly agree) to select the most appropriate response to the following

statements on purchase decision

a. | find it time consuming using social media applications when | want to

purchase online

b. Social media application use requires high skills in language and

technical skills to use when | want to purchase

c. | feel like using social media applications when making online purchases

will violate my privacy

d. | find using social media applications when making online purchases

intimidating when | want to purchase

e. Online purchases using social media applications are frustrating
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3.

Positive statement to making an online purchase decision

Kindly use the score 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree)

5 (Strongly agree) to select the most appropriate response to the following

statements on purchase decision

a. Online purchase platforms provide me with the most information on
product/service

b. Online purchase platforms help reduce the time | take before deciding to
purchase

c. Online purchase platforms allow for easy breakdown of information on
a product/service

d. Online purchase platforms build my confidence in buying a
product/service when | want to purchase

e. | find online purchase platforms convenient for my decision-making on
product/service

f.  Online purchase platforms are the most effective for communication on
product/service

g. Online purchase platforms increase the ease of finding information on
products/services

h. 1 find online purchase platforms as the easiest to use when making a
purchase

i. My interaction with products/services on online purchase platforms
makes it clearer and easier to understand what | want to purchase

J. Itis easy to become skilful at online purchase platforms

k. Online purchase platforms are credible

Online purchase platforms are secure
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4. Barriers to making an online purchase decision
Kindly use the score 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree)
5 (Strongly agree) to select the most appropriate response to the following

statements on purchase decision

Lack of training to use the on online purchase platforms of choice

Lack of the awareness on advantages of using online purchase platforms

Lack of time needed to access online purchase platforms

olo|lo| e

Lack of language and technical skills needed to use online purchase

platforms

e. Lack of resources for connection to the Internet needed to use
applications (e.g., not enough data bundles, bandwidth)

f. Lack of knowledge about online purchase platforms

g. Lack of adequate funds needed to make purchases on online purchase
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Section 3: YouTube

Kindly use the score 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree) 5
(Strongly agree) to select the most appropriate response to the following

statements on YouTube

Section: Algorithm

1. The suggested pages I interact with on YouTube provide good

product/service references to me

2. | use the suggested pages on YouTube well enough to get advice on a

product/service important to me

3. The pages I interact with on YouTube would help me understand a

product/service

4. Interacting with suggested pages on YouTube makes me interested in

products/services | have not used before

5. On YouTube, | encounter new products/services all the time

Section: WOM and eWOM

6. Ingeneral, I like receiving referral messages on YouTube

7. When I receive valuable information on social media about products or
services, | usually forward it to others on YouTube

8. In general, Word of Mouth messages on YouTube are a positive thing

9. Talking with people on YouTube makes me curious about other

products/services available

10. Interacting with people on YouTube makes me interested in what people

who are not like me think of a product/service

11. I tend to share my product/service experiences with friends on social

media after using a new product on YouTube

Section: Social Media Influencers

12. Interacting with people on YouTube gives me new people to talk to about

products/services with

13. There is someone on YouTube to whom | can turn for advice about

making very important purchase decisions

14. When | receive information on social media about products or services, |

tend to express my opinion on YouTube
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15. The people I interact with on YouTube would put their reputation on the

line for a product/service

16. Interacting with people on YouTube makes me want to try new things

17. There are several people on YouTube who I trust to help me decide on

what to purchase

Section 4: Facebook

Kindly use the score 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree)
5 (Strongly agree) to select the most appropriate response to the following

statements on Facebook

Section: Algorithm

1. The suggested pages | interact with on Facebook provide good

product/service references to me

2. | use the suggested pages on Facebook well enough to get advice on a

product/service important to me

3. The pages | interact with on Facebook would help me understand a

product/service

4. Interacting with suggested pages on Facebook makes me interested in

products/services | have not used before

5. On Eacebook, | encounter new products/services all the time

Section: WOM and eWOM

6. Ingeneral, | like receiving referral messages on Facebook

7. When I receive valuable information on social media about products or

services, | usually forward it to others on Facebook

8. In general, Word of Mouth messages on Facebook are a positive thing

9. Talking with people on Facebook makes me curious about other

products/services available

10. Interacting with people on Facebook makes me interested in what people

who are not like me think of a product/service

11. I tend to share my product/service experiences with friends on social

media after using a new product on Facebook
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Section: Social Media Influencers

12. Interacting with people on Facebook gives me new people to talk to

about products/services with

13. There is someone on Facebook to whom I can turn for advice about

making very important purchase decisions

14. When | receive information on social media about products or services, |

tend to express my opinion on Facebook

15. The people I interact with on Facebook would put their reputation on the

line for a product/service

16. Interacting with people on Facebook makes me want to try new things

17. There are several people on Facebook who | trust to help me decide on

what to purchase

Section 5: Instagram

Kindly use the score 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree)
5 (Strongly agree) to select the most appropriate response to the following

statements on Instagram

Section: Algorithm

1. The suggested pages | interact with on Instagram provide good

product/service references to me

2. | use the suggested pages on Instagram well enough to get advice on a
product/service important to me

3. The pages | interact with on Instagram would help me understand a
product/service

4. Interacting with suggested pages on Instagram makes me interested in

products/services | have not used before

5. On_nstagram, | encounter new products/services all the time

Section: WOM and eWOM

6. Ingeneral, I like receiving referral messages on Instagram

7. When I receive valuable information on social media about products or

services, | usually forward it to others on Instagram
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8. In general, Word of Mouth messages on Instagram are a positive thing

9. Talking with people on Instagram makes me curious about other

products/services available

10. Interacting with people on Instagram makes me interested in what

people who are not like me think of a product/service

11. | tend to share my product/service experiences with friends on social

media after using a new product on Instagram

Section: Social Media Influencers

12. Interacting with people on Instagram gives me new people to talk to

about products/services with

13. There is someone on Instagram to whom | can turn for advice about

making very important purchase decisions

14. When | receive information on social media about products or services, |

tend to express my opinion on Instagram

15. The people I interact with on Instagram would put their reputation on
the line for a product/service

16. Interacting with people on Instagram makes me want to try new things

17. There are several people on_Instagram who | trust to help me decide on

what to purchase

Section 6: WhatsApp

Kindly use the score 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree)
5 (Strongly agree) to select the most appropriate response to the following

statements on WhatsApp

Section: WOM and eWOM

1. Ingeneral, I like receiving referral messages on WhatsApp

2. When I receive valuable information on social media about products or

services, | usually forward it to others on WhatsApp

3. In general, Word of Mouth messages on_ WhatsApp are a positive thing
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4.

Talking with people on WhatsApp makes me curious about other

products/services available

Interacting with people on WhatsApp makes me interested in what

people who are not like me think of a product/service

| tend to share my product/service experiences with friends on social

media after using a new product on WhatsApp

Section: Social Media Influencers

7. Interacting with people on_ WhatsApp gives me new people to talk to
about products/services with

8. There is someone on WhatsApp to whom | can turn for advice about
making very important purchase decisions

9. When I receive information on social media about products or services, |
tend to express my opinion on WhatsApp

10. The people I interact with on WhatsApp would put their reputation on
the line for a product/service

11. Interacting with people on WhatsApp makes me want to try new things

12. There are several people on WhatsApp who | trust to help me decide on

what to purchase
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Section 7: Purchase Decision

1. When making a purchase decision
Kindly use the score 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree) 5
(Strongly agree) to select the most appropriate response to the following

statements on purchase decision

a. lusually read recommendations on products and services from friends on

online purchase platforms

b. Most of the time, | am pleased to read about the experiences other people

have had with products and services that interest me on online purchase

c. Tam open to receiving other people’s opinions on interesting products or

services on online purchase platforms

d. 1 use forums and communities for acquiring information about a product

on online purchase platforms

e. lusually use people rating and reviews about products on online purchase

platforms

f. T usually use people’s recommendations on online purchase platforms to

buy a product

2. When making a purchase decision
Kindly use the score 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree) 5

a. lusually rely on recommendations on products and services from

celebrities/influential persons when | intend to purchase on online purchase

b. Most of the time, I rely on celebrities/influential persons, about the
experiences they have had with products and services that interest me

when | intend to purchase on online purchase platforms

c. |rely on advertisements from celebrities/influential persons, I am open to
receiving information on interesting products or services when | intend to

purchase on online purchase platforms

d. 1 use advertisements and advertising from celebrities/influential persons
for acquiring information about a product when | intend to purchase on

online purchase platforms
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e. 1rely on celebrities/influential persons rating and reviews about products
on the to make purchase decisions when I intend to purchase on online

purchase platforms

f. Irely on celebrities/influential persons’ recommendations to buy a product

when | intend to purchase on online purchase platforms

3. When making a purchase decision
Kindly use the score 1 (Strongly disagree) 2 (Disagree) 3 (Uncertain) 4 (Agree) 5 1
(Strongly agree) to select the most appropriate response to the following

statements on purchase decision

a. lusually read recommendations on products and services from

advertisements on online purchase platforms

b. Most of the time, | am pleased to read about the experiences other people

have had with products and services that interest me on online purchase

c. When I see advertisements, | am open to receiving information on

interesting products or services on online purchase platforms

d. 1 use advertisements and advertising for acquiring information about a

product on online purchase platforms

e. lusually use advertised rating and advertised reviews about products to

make purchase decisions on online purchase platforms

f.  lusually use advertised recommendations to buy a product on online

purchase platforms

End

Thank you for taking your time to provide this valued feedback
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Appendix: VI DEBRIEFING FORM

Thank you for participating as a research participant in the present study of the influence of social
media platforms on online purchase decisions of USIU-A post graduate students during the Covid-
19 pandemic. The present study tests whether the use of YouTube, Facebook, Instagram and
WhatsApp has an influence on your intention to purchase goods and services online. Again, we
thank you for your participation in this study. If you know of any friends or acquaintances that are
eligible to participate in this study, we request that you not discuss it with them until after they
have had the opportunity to participate. Prior knowledge of questions asked during the study can
invalidate the results. We greatly appreciate your cooperation. If you have any questions regarding

this study, please feel free to ask the researcher at the email: macharianicholas@ymail.com.
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vsio QUnited States
arsica - International
University-Africa
USIU-A/IRB/104-2021 USIU-A Institutional Review Board (IRB)

2% April, 2021

MACHARIA NICHOLAS N,

United States International University-A frica

macharianicholas®ymail.com

Dear Nicholas,

IRB-RESEARCH APPROVAL.

The USIU-A IRB has reviewed and granted an ethical approval for the research proposal titled
“The Influence Of Social Media Platforms On Online Purchase Decisions Of USIU-Africa
Post Graduate Students During The Covid-19 Pandemic”.

The approval is for twelve months from the date of IRB. A continuing review application must
be approved within this interval to avoid expiration of IRB approval and cessation of all research
activities. A mid-term report and a final report must be provided to the IRB within the twelve
months approval period. All records relating to the research (including signed consent forms)
must be retained and available for audit for at least 3 years after the research has ended.

You are advised to follow the approved methodology and report to the IRB any serious,
unexpected and refated adverse events and potential unanticipated problems involving risks to
subjects or others.

Should you or study participants have any queries re arding IRB’s consideration of this project,
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please contact irb@usiu.ac.ke.

Sincerely,
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Dr. Juliana Namada,
IRB chair
Tel: +254 730 116 628

Email: jnamada@usiu.ac. ke
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