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ABSTRACT 

 
Despite significant investments in information technology in developing nations like 

Pakistan over recent decades, concern still exists over the extent to which such 

expenditures have produced the intended benefits. At least part of this concern is based 

around the issue of how information technology and information systems are accepted 

by the intended users. The Technology Acceptance Model (TAM) provides us with the 

fundamental frame work to analyse the acceptance of Information Systems from a 

behavioural perspective. In this study, we intend to enhance and classify the variables of 

the existing TAM to account for their importance so that organizations and institutions 

can rely on this classification to focus on the most important variables for quicker and 

smooth adoption of technology. Especially in the context of developing countries’ 

dynamics, the technology acceptance variables will be explored. A classification of the 

technology acceptance variables has been developed. This is the first of its kind 

classification based on the random Fuzzy (Burney, Ali, & Mahmood, 2012) Forest model, 

which in comparison with other fuzzy techniques has given better results for 

classification. To analyse the results, different statistical methods have been used. The 

study also involves extensive field study as well as data collection and data-mining 

techniques to analyse and identify multi-dimensional patterns in data. Measures of social 

influence on/of Information and Communication Technologies (ICT) will also be 

identified and a suitable Technology Implementation Model will also be developed. For 

this purpose, the case of smart watch dissemination in Pakistan will be used and 

appropriate model to enhance user acceptance of smart watch technology will be 

proposed.  

 

This thesis focuses on the acceptance and adoption of smartwatches, specifically in 

Pakistan. While there are several research studies on the subject of wearable technology, 

many do not emphasize a specific piece of wearable technology like the smartwatch. 

Either that or they are focused on the utilization of these wearable products where fitness 

tracking, healthcare, biometric sensors and other such applications are discussed. It is 

important that an innovation be understood from the user’s perspective, especially in its 
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early stages when knowledge of consumer requirements is insufficient. Smartwatch 

studies should be audience driven instead of technology driven which is the situation in 

most cases. Because the innovation is made for the user therefore should revolve around 

not what the technology is capable of but if it fulfils the needs and requirements of the 

users. Hence, this quantitative research aims to fill that gap and identify the factors that 

influence people’s intention to use a smartwatch along with the discussion of wearable 

and smart technology, its history, its advantages and disadvantages, different technology 

acceptance and adoption frameworks as well as their comparison. In addition to that, a 

model is proposed along with the respective hypotheses to examine the adoption and 

acceptance of smartwatches and for validation analyses conducted on the data gathered. 

A classification of the technology acceptance variables has been developed. This is the 

first of its kind classification based on the random Fuzzy Forest model, which in 

comparison with other fuzzy techniques has given better results for classification. 
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Chapter 1 

Introduction 

 

 

Defined by the terms principles, processes, and nomenclatures in the 1832 

Encyclopedia Americana, the primitive use of the word ‘technology’ dates back 

to 1816 in a Harvard University course on “application of the Sciences to the 

useful Arts”. Simply put, technology in the early age represented the expertise in 

physical tasks or astute adroitness (Samaradiwakara & Gunawardena, 2014). 

Observing the modern era, it is apparent as technology progresses it leads to 

changes, no matter how big or small, in the standards of living as well as in 

numerous fields whether it be medicine, academics, business, governance, or 

entertainment. Technology has become a means of increasing job efficiency, a 

propagation of knowledge, and requisite for countries to remain up-to-date for the 

benefit of its inhabitants (Samaradiwakara & Gunawardena, 2014). 
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The electronic age was set in 

motion over 100 years past as per 

the utilization of wireless 

communication (Samaradiwakara 

& Gunawardena, 2014). Now, with 

the advent of smartphones and 

tablet PCs, information has 

gradually become an anytime and 

anywhere availability. Not only 

that, mobility has progressed to a 

stage where not just the devices are 

portable but the functionalities are 

too. The smartwatch is one such 

device that makes this very concept 

a possibility. Because of their grasp 

on multiple functionalities in the areas 

of health-monitoring, fitness, location 

tracking, and the capability of taking communication to the next level via smart 

technology, smartwatches tend to cover an expansive portion of consumer 

interests. Because of which it has created an immense hype in the industry of 

information and communications technology (ICT) (Kim & Shin, 2015). As 

mentioned by Kim & Shin (2015), smartwatch adoption polls predict an 

exponential growth in the market where 15 million units, 91.6 million, and 373 

million are anticipated to be sold by the time of 2014, 2018, and 2020 respectively. 

 

Not deemed as a replacement for smartphones, but rather to be used 

concomitantly, smartwatches are a means of providing information faster and 

more conveniently where sometimes the smartphone may become impractical to 

use. In other words, the capability of connecting to systems whenever and 

wherever because of possessing the ability to be context aware and intelligent 

Figure 1-1 Wearable technology featured 

on the cover story of the 2014 September 

issue of Time magazine (Starner, 2014) 
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(Karahanoğlu & Erbuğ, 2011). This form of mobility provided by the smartwatch 

is what makes it stand out amongst many other communication contrivances, 

calling for further analysis of its technological and psychological aspects (Kim & 

Shin, 2015).  

 

There exist various research studies that have worked on the subject of wearable 

technology. But a greater part of those studies does not emphasize a specific piece 

of wearable technology like the smartwatch. Either that or they are focused on the 

utilization of these wearable products where fitness tracking, healthcare, biometric 

sensors and other such applications are discussed. It is crucial to understand 

innovation, especially in its early stages when knowledge of consumer 

requirements is insufficient, from the perspective of the user. In other words, 

smartwatch studies should be audience driven instead of being technology driven 

which is the case with most analyses. Hence, this research aims to fill that gap and 

investigate the factors that influence people’s intention to use a smartwatch (Choi 

& Kim, 2016). 

 

 

Organization of Thesis 

In chapter 1, we present the background of the issue, smart technology and 

wearable system have been introduced. Statistics and figures of smart watch 

technology have been presented. History of smart watches / wearable technology 

have been presented. 

In chapter 2, we have presented the literature review of the several theories on 

Technology Acceptance. Not just that but we have also presented various models 

on technology acceptance modelling and the theories that form their basis. 

Section 2.4 presents TAM, which was original proposed by Davis in 1989. 
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Section 2.14 presents a brief comparison of some of the theories on Technology 

Adoption, Acceptance Frameworks discussed in chapter 2. 

Chapter 3 outlines the research methodology and the research hypothesis are 

presented in this chapter. 

The main area of focus of chapter 4 is the data analysis. The data that is collected 

through surveys is presented in this chapter and analyzed using statistical 

techniques including T-test, ANOVA, Cronbach alpha, and others. 

In chapter 5, we have used a fuzzy random forest (Burney, Ali, & Mahmood, 

2012), a novel machine learning procedure for positioning the significance of 

components in high-dimensional grouping and regression issues. A fuzzy forest 

is uncommonly intended to give moderately equitable rankings of variable 

significance within the sight of exceedingly correlated elements. We present our 

usage of fuzzy forest in the R package. Fuzzy forest works by exploiting the 

system structure between elements. To start with, the components are 

apportioned into particular modules to such an extent that the relationship inside 

modules is high and the correlation among the modules is low. The fuzzy forest 

package takes into account simple utilization of Weighted Gene Co expression 

Network Analysis (WGCNA) to frame modules of elements with the end goal 

that the modules are generally uncorrelated. At that point recursive element 

eradication random forests are utilized on every module, independently. From the 

surviving elements, a last collection is chosen and ranked. The output of the 

system give the ranking of the elements according to variable importance’s whose 

size is pre-indicated by the normal users. The chose components can then be 

utilized to build a prescient model. 

Chapter 6 presents the results and findings of the analysis and presents the 

discussion on the results. 
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1.1. BACKGROUND 

1.1.1 SMART TECHNOLOGY 

 

The word ‘smart’ is often synonymously used with ‘intelligence’ (Goddar, Kemp, 

& Lane, 1997). Any smart device is deemed as intelligent over a device not 

associated with smart technology, where being smart is defined as a system that 

gathers information based on your decisions on its dedicated operating 

environment and history, and then processes it in such a way as to provide varying 

features built on that deduction (Goddar, Kemp, & Lane, 1997). The best example 

is the now commonly used smartphone. Multiple functionalities like the 

touchscreen, an operating system, instant messaging, downloadable applications 

make it far more superior to the average phone. And the fact that you can even 

have a conversation with it, just adds to its prominence. 

 

The basic structure of a smart system is said to consist of: 

1. Sensors 

2. Control algorithm 

3. Control hardware 

4. Actuators 

5. Structural members (Goddar, Kemp, & Lane, 1997).  

 

Sensors are the vital part of any smart system as they amass information 

especially when there is a significant change in a state (Goddar, Kemp, & Lane, 

1997). The state can refer to the weather, heartbeat, blood pressure, and other such 

examples. 

 

Incorporated in software form, the control algorithm based on the findings of the 

sensor, draws deductions and finds a way to amend the system’s characteristics 



Page 12 of 155 
 

in response to that change. This is achieved through training, as in the instance of 

neural networks. 

 

As opposed to the control algorithm, the control hardware takes the form of the 

microprocessor on which the software executes. Linked together with the 

assortment of sensors and actuators. The rate at which it operated is the 

contributing factor to the system’s response within a timeframe. 

 

An actuator is what makes the variations of the control algorithm to be 

implemented onto the system. 

 

Sensors, actuators, along with the control hardware collectively form the 

structural members designed to form the principal operation of the system. 

(Goddar, Kemp, & Lane, 1997) 

 

A thermostat that automatically sets the required temperature with respect to 

changes in weather detected by its sensors is one such example of this scenario. 
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Figure 1-2 Collaboration amid different rudiments of smart technology (Goddar, Kemp, 

& Lane, 1997) 

 

1.1.2 WEARABLES 

 

Primarily, it is the computer that forms the foundation for technological devices 

used today. Although it started from colossal pieces of equipment that barely fit 

into our workspaces, it has now reduced to being able to fit in the palm of our 

hand. Not only that, it has even become wearable. 

 

A wearable computer is a device that facilitates in computing operations while 

being worn on the body, which makes it a whole lot more portable than other 

devices like the laptop. While there is time consumed in opening a laptop and 

booting it up, for wearables this can be done in an instant (McCann & Bryson, 

2009). One of the most popular and trending transpiring technologies in the 2014 
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Consumers Electronic Shows (Chen & Shih, 2014), examples include Google 

glass, intelligent clothing, and most significantly the smartwatch. 

 

For the most part, the widespread of wearable technology is based on its 

appearance and ambiance as well as its functionality (Bodine & Gemperle, 2003). 

To be worn on the body by the individual for a duration as to enrich user 

experience, it contains wireless connections along with advanced circuitry and 

the ability to operate independently even in the least possible extent. This is what 

makes the wearable technology smart (Chen & Shih, 2014). Companies involved 

in this business usually fall into two categories, where the first acts as a supplier 

for the second. The first of these companies comprises of smart and wearable 

technology as its fundamental trade. And the second focuses on manufacturing 

few of these products belonging to a substantially conventional array of products 

(McCann & Bryson, 2009). 

 

While wearable technology has been around for quite a while and the subject is 

still under continuous research, it is only now that it has started to establish itself 

up to par with the expectations of the users (McCann & Bryson, 2009) where one 

device differs from another depending on the functionalities it provides.  

 

 

1.1.3 WEARABLE SYSTEM APPLICATIONS 

 

A large amount of contribution of wearable is in performing routine activities. 

One such function is provided by the wearable system is of the context based 

reminders. A step further from the typical alarms and reminders set by date 

and time, context based reminders are based on the collected information of 

the user that comprises of their location, current task, occurrence of particular 
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events, and surrounding conditions like that of the environment such as traffic 

density and weather (Dvorak, 2008). 

 

Another advantage of using wearables is that to set context based reminders 

requires no extra effort. The command for these reminders or any other task 

like surfing the web can be given eyes and hands free and even when the user 

is performing another task (Dvorak, 2008). 

 

Wearables can also be handy in making decisions of preference to the user. As 

these systems gather and collect a huge amount of user data as well from 

related servers, it learns of the user’s preferences and relevant information 

gathered from which it can then proceed accordingly. For example, aware of 

the individual’s dental appointment in half an hour through the user’s calendar 

data, the wearable also detects reports of rain during that period of time through 

the web. The appointment being nearby, the wearable is to alert the user of the 

reminder to leave in 10 minutes. In addition to that because of current weather 

reports the wearable will also alert the user to take an umbrella with him or her 

(Dvorak, 2008). 

 

Moreover, the wearable system has the potential to manage and keep track of 

tasks that the user performs every day. This is also applicable to the 

possessions of the user. While there is time wasted and attention diverted from 

the target task, locating these items can be simpler for the wearable. Radio-

frequency identification (RFID) tags provide the technology of making the 

system aware of our possessions and along with our data stored in the calendar, 

as well as our location, preferences, and other context related information, the 

wearable system can determine what one might require and alert the individual 

via a reminder if the user doesn’t already have it. A simple example is of keys 

where a certain amount of time is habitually spent looking for them. The 
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wearable being aware that user works on weekdays and the timings he or she 

leaves for work, will remind the user to not forget the keys to the office and 

even where they are present before they leave their house (Dvorak, 2008).  

 

Wearables have the ability to enhance your experience. When it comes to 

recording, for instance, a captured image can have additional features such as 

location, people with you, the environmental factors like weather and air 

temperature during that time, what event was underway as well as your feelings 

during that moment. Having conversations when there is too much noise even 

when the other person is standing in front of you can be difficult. Therefore, 

wearables can be used to keep track of speech by analysing the environmental 

factors, distance, noise, and other related conditions to determine whether to 

connect the person to the other wirelessly or terminate the wireless connection. 

The wearable can detect and connect with other systems like the TV and PC 

when required. For example, while watching a video on the wearable device if 

it senses that a larger screen device is present it can begin viewing the video 

on that monitor. Similarly, if we walk away from a larger screen the wearable 

can retract that video. Face recognition can also be utilized through wearables. 

An approaching individual can be identified by the user like if he or she has 

met before and cannot remember their name (Dvorak, 2008). 

 

Wearables take task management and planning to the next level. It enables 

users to focus on the required activities and the tasks at hand by planning 

approaches that prove to be ideal for the user. This includes scheduling 

appointments, path planning especially while shopping etc. 

 

Wearables are a means of providing assistance to the user. They can detect and 

be aware of the user’s current conditions and suggest approaches for the user 

to act on accordingly. For example, if the user is tired and driving, the wearable 



Page 17 of 155 
 

can detect signs of fatigue (other signs include that of fear or stress not 

involved in this context) and that he or she is driving and then consequently 

alert the user to lower speed or pull over at a nearby stop. It can further provide 

the user with details of a nearby hotel or how far the user is away from home 

and provide the appropriate route to take. It can also help the user stay awake 

by raising the volume of a sound system (Dvorak, 2008). 

 

The ad business also benefits from the process of making wearables 

mainstream. Since wearables continuously save user data as they are more 

likely to be in constant contact with the user, the wearable is aware of the user’s 

likes and dislikes. Ads sent to the wearable can be them considered if they sell 

items of interest to the user. Alerting the user of gifts and other relevant 

products with respect to events in the user’s calendar (Dvorak, 2008) as well 

as discount and other offers that might interest the user. If decisions do not 

seem appropriate to the user then they can be altered and the user can update 

their profile stored on the system accordingly so it is better aligned with the 

user’s needs and requirements (Dvorak, 2008). 

 

Wearables have proved to be promising in the field of health maintenance as 

they can read vital signs of the human body. In addition to that, wearables also 

provide motivation for continuous and regular exercise. Heart rate, blood 

pressure, body temperature, pulse, speed when biking or running, detecting 

machine used for exercise are some of the various readings that the wearable 

can detect with the help of its embedded sensors. Analysis from these readings 

can include user performance, duration of the exercise regime, progress made 

by the user as well as provide a comparison of the analyses with the goals set 

by the user or those recommended by the doctor. This system acts as a personal 

coach for the user providing motivation as required. For example, reminding  

the user to drink water from time to time if it has detected a hot day and vital 

signs of the user indicate chances of dehydration (Dvorak, 2008). 
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The wearable system is also capable of determining the current mood of the 

user. Anger and frustration levels can be identified through rising blood 

pressure, faster heart rate, and increasing muscle tension. By alerting the user, 

actions can be taken by the user to return these conditions to normal. 

 

Rising risks of security pose a potential threat to the community. If an area has 

a higher crime rate, it is usually avoided. For this a wearable can help take 

action necessary against danger while in such situations. By alerting the user 

of crime statistics within the are the user is present in and detecting the time of 

day. It can also prevent further damage in emergencies by alerting the 

necessary authorities and family members (or other people trusted by the 

individual like friends, relatives, guardians etc.) of the situation by sending the 

gathered data of the user’s location. Also, the user can be provided with nearby 

locations of importance during that situation as well as an estimated time of 

arrival (ETA) of the relevant authorities contacted (Dvorak, 2008).  

 

Several of the applications discussed require a significant amount of context 

based data (Dvorak, 2008). Although wearable technology provides 

considerable benefits, the subject remains to be in constant research. 
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1.1.4 SMARTWATCHES 

 

In general, smart wearable systems ought to 

be light weight, should consume less 

power, be in the affordable price range, 

contain embedded processing, and a 

capacity to be used even by completely 

inexpert people (Lymberis, 2003). One of 

the most popular examples of wearable and 

smart technology combined, the 

smartwatch encompasses the 

functionalities of a smartphone to a device (mini 

computer) that can be worn on your wrist. 

Whether it be in science fiction or LED and LCD watches, the vision to have a 

computer at arm’s length has been around since the 1970s. We think we 

abandoned the pocket watches in exchange of the wristwatch, but in truth it is the 

wristwatch we relinquished, trading it for a much more efficient form of pocket 

watch commonly known as a mobile phone (Rawassizadeh, Price, & Petre, 2015). 

The mobile phone in its advanced form became the smartphone from which the 

companies are now trying to direct our attention towards the smartwatch which 

in turn brings us back to the wristwatch but in its most resourceful form so far. 

  

  

Figure 1-3 Apple Watch 

(smartwatch by Apple) 
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Figure 1-4 An LED watch    Figure 1-5 An LCD watch 

 

The smartwatch is the resulting product of the amalgamation of the wristwatch 

industry with smart information and communications technologies (ICT). 

Because of this, the product faces substantial amounts of challenges. Where 

hardware and software are in the process of continuous improvement resulting in 

a short life-cycle for smart ICT devices, consumers look for attributes such as 

brand reputation, enduring durability, and visual attractiveness when buying a 

wristwatch. This concurrence of consumer propositions gives rise to the 

complications in marketing decisions. And is also the reason behind inexpensive 

sporty smartwatch models and more refined and extravagant expensive 

smartwatch models in the market (Choi & Kim, 2016). 

 

Types of smartwatch include the extension smartwatch, the classic smartwatch, 

and the standalone smartwatch. The extension smartwatch requires a connected 

phone and receives notifications, calls, alerts etc. The standalone smartwatch, as 

the name itself suggests, works without a phone and wireless limitations (Kenney, 

2014) like the Fyver watch. In other words, by inserting a SIM card they work 

like a phone via a mobile network. And lastly, the classic smartwatch requires a 

connected smartphone as well but its smart features are limited. More of a 
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traditional watch, the classic smartwatch usually has a small display dedicated for 

notification icons and alerts (Kenney, 2014) like the Hugo Boss Smart Classic is 

one example. 

 

The smartwatch, being the one of the most popular forms of wearable technology 

has only recently fully developed from a plain wristwatch to possessing multiple 

functionalities found in smartphones, with manufacturing companies like Apple, 

Google, Samsung in the competitive market (Bruno, 2015) hence becoming one 

of the cutting-edge technologies of today. 

 

1.2 SMARTWATCH MARKET STATISTICS/ 

FIGURES 

 

A NextMarket Insights report states that the smartwatch market is said to grow 

from 15 million watches shipped in 2014 to over 373 million in 2020 (Wolf, 

2013). 
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Figure 1-6 A bar chart showing annual shipments of smartwatches from the year 2012 to 2020 

(Wolf, 2013) 

 

 

As shown in Figure 2.3.1-1, the market is expected to reach $32.9 billion 

by 2020. Although North America is considered to be the highest revenue 

generating region for smartwatches as around 1/3rd of the market revenue 

was generated by this region in 2013, it is expected that in the near future 

this market’s growth will be driven by the Asia-Pacific region. Where 

China is surfacing as a prevalent hub because of manufacturing low-cost 

smartwatches based on Android (Kohli, 2015). 

In comparison to classic and standalone smartwatches, the extension 

smartwatches generated the highest revenue in 2013 as shown in Figure 

2.3.1-2 followed by the standalone smartwatches and then the classic 

smartwatch types. Also, in terms of application personal assistance 

generated the highest revenue in 2013, followed by wellness and others, 

and medical/health and sports (Kohli, 2015) shown in Figure 2.3.1-3. 
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Figure 1-7 Revenue comparison of global smartwatch market by type in 2013 

(Kohli, 2015) 

 

 

 

Figure 1-8 Revenue comparison of global smartwatch market by application 

(Kohli, 2015) 

Samsung held a leading position in the market in 2013 for total smartwatch 

shipment, succeeded by Nike and Garmin. This growing market of 

companies, driven by the leading techs like Samsung, Apple, and Google 
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is expected to increase from the existing number of 40 at present. Which in 

turn would intensify the competition and dynamics of this market (Kohli, 

2015).  

 

 

 

Figure 1-9 Revenue comparison of global smartwatch market by operating system 

(Kohli, 2015) 

 

To maximize their market shares, top companies like Samsung, Sony, 

Pebble, and Maritime are dependent on their R&D (Research and 

Development) investments which is an area being heavily spent on. Along 

with strong distribution support, the leading companies are cooperating 

with re-sellers and suppliers to infiltrate this market via the correct choices 

of channel, target audience, and geography (Kohli, 2015). 
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Figure 1-10 Pie chart showing the global smartwatches market by region in 2013 

(Smartwatches Market Analysis And Segment Forecasts To 2020, 2014) 

 

 

1.3 PROS AND CONS OF SMARTWATCHES 

 

There are a number of advantages that make a smartwatch dominate other 

devices especially the ones large in size. Its continuous connection to the skin 

results in an effortless interaction and the fact that it does not require both 

hands just adds to that level of interaction. There is no need to hold the 

smartwatch in hand unlike the smartphone where one hand is usually occupied. 

Although a change of wrist position and the use of the other hand is required 

for touch or voice input (Rawassizadeh, Price, & Petre, 2015).  

 

The very property of the smartwatch and its incessant contact with its owner 

also enables the collection of data that help in monitoring heart rate and sleep, 

GPS, calories burned, calculate run and walk intervals, in general, assisting in 

identifying the owner’s location and physical activities. These features qualify 

the smartwatch as a fitness tracker as well. While the smartphone, when not 

being held by the user, can only sense the outward settings and not the owner’s 
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inward condition. Usually smartphones end up inside bags or pockets as 

carrying them at all times can prove to be a hassle especially those with larger 

screen sizes (as is the case nowadays) and in crowded places. Smartphones 

also have a higher probability of being forgotten at home or in workplaces 

being left on the desk. The smartwatch is easier to carry as it is to be worn on 

the wrist and comparatively is less likely to be anywhere else than on the owner 

himself. A characteristic that has the ability to revolutionize mobile health also 

known as mHealth research. Google Fit, Microsoft Healthvault, Samsung 

S.A.M.I and Apple HealthBook are some vendors that benefit from mHealth 

studies. Data collected can be useful for doocumenting temperature, variability 

of heart rate, blood oxygen etc (Rawassizadeh, Price, & Petre, 2015).  

 

Where the smartwatch excels in providing additional features, there are areas 

where it falls short. For example, the small screen size. Where now there exist 

smartphones with large screen and tablet PCs, the small screen size of the 

smartwatch limits its computing capabilities. Although mobile devices still 

face the challenge of maintaining features and battery capacity while 

minimizing size. Small hardware and I/O restrictions affect both input and 

output facilities. Fitting a keyboard, displaying videos and images or any other 

multimedia, as well as affecting battery life which is comparatively shorter 

than larger devices are the constraints that the smartwatch suffers from. Small 

size also affects sensors as it can minimize the sensors’ precision where some 

have a high power requirement like the GPS. That’s why smartwatches are 

usually dependent on smartphones or have fewer computing capabilities 

(Rawassizadeh, Price, & Petre, 2015). 
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1.4  HISTORY OF WEARABLE TECHNOLOGY 

/   SMARTWATCH 

 

The invention of the wearable computer is attributed to Steve Mann, who created 

the first of its kind mounted on a steel-frame backpack computer with video 

cameras attached with the ability to control cameras, flash bulbs, and other 

photographic systems (Dvorak, 2008). He later became a founding member of the 

Wearable Computing Group at MIT, which consisted of former students of the 

likes of Thad Starner, project manager of Google Glass and George Tech 

professor. 

 

Dating back to the 17th century, wearables have existed in one form or another. A 

miniature abacus over a ring (Bruno, 2015) (shown in Figure 1.4.1-1). is one such 

specimen. Progressing from clocks that could not be easily moved from one place 

to another because of their immense size, the pocket watch (Figure 1.4.1-2) came 

into existence which then gave way to the wristwatch (Figure 1.4.1-3). 

 

Beginning as a means to assist gamblers in counting cards in blackjack, it was in 

1972 wearable technology had its most distinguished outbreak with the digital 

Pulsar P1 (Kim & Shin, 2015) watch (shown in Figure 1.4.1-5) created by the 

Hamilton Watch Company because of having the functionality of an integrated 

calculator. Moving on to the mid-1980s, this functionality further evolved into 

having the capability to accumulate names, phone numbers, addresses, 

appointments in its embedded memory along with the calculator. This 

enhancement was credited to the even now famous electronics company, Casio, 

based in Japan (Bruno, 2015). Also accredited was the debut of Pulsar NL C01 

by Seiko (Figure 1.4.1-6) in 1982 which also comprised of an embedded memory 

that was user-programmable. Further into the 1980s, Data 2000 and RC-1000 

series (Figures 1.4.1-7 and 1.4.1-8 respectively) were introduced by Seiko as the 
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company continued to develop smartwatches with features including a keyboard 

and a cable that enabled transfer of data from computers. 

  

The evolution of the digital watch to the smartwatch made headway when 

technology started to develop and miniaturization as well as faster and 

inexpensive electronic parts entered mass production resulting in the increase of 

computing power ensuing additional smart features. In 2000, a prototype of the 

Linux running smartwatch called WatchPad (Figure 2.4.1-9) was introduced 

which was a product of the collaboration of IBM and Citizen comprising of 16 

MBs of storage, a 32-bit ARM processor, a fingerprint scanner, as well as 

microphone and speaker capabilities (Kim & Shin, 2015).  

 

Microsoft introduced a smartwatch called SPOT (Figure 2.4.1-10) back in 2004 

featuring wireless connectivity that delivered information by making use of 

broadcast signals of the FM radio. Although Microsoft succeeded in building a 

smartwatch with wireless capabilities, that is, what was to be the future of 

smartwatch, it was unable to hold its position in the market during that period. 

Due to the simple fact that it failed to realize Bluetooth as the present shaping 

trend of the smartwatch instead (Kim & Shin, 2015). 
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1.4.1 TIMELINE (IN PICTURES) 

 

Figure 1-11 A pocket watch 

 

 

Figure 1-12 A wristwatch 
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Figure 1-13 Hamilton Watch Company’s Digital Pulsar P1 

 

 

Figure 1-14 The Pulsar P1 with an integrated calculator 
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Figure 1-15 Seiko’s Pulsar NL C01 

 

 

Figure 1-16 Seiko’s Data 2000 
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Figure 1-17 Seiko’s RC-1000 

 

 

Figure 1-18 Citizen and IBM’s WatchPad 

 

 

 

Figure 1-19 Microsoft SPOT watches 
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Figure 1-20 A Fitbit smartwatch with the additional features like monitoring heart rate 

 

 

Figure 1-21 The most recent in smartwatch technology by Google 
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Chapter 2 

Literature Review 

 

 

 

2. LITERATURE REVIEW 

 

2.1 ACCEPTANCE OF TECHNOLOGY AND 

RELATED MODELS DEFINED IN VARIOUS 

DOMAINS 

 

Acceptance of technology is how easily innovations in information technology 

are espoused by individuals and organizations of numerous sectors. Different 

models (including their variations) like theory of reasoned action (TRA), theory 

of planned behaviour (TPB), technology acceptance model (TAM), unified theory 

of acceptance and use of technology (UTAUT) are used to elucidate this 

phenomenon by taking appropriate dependent variables into account.  
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Dependent variables mainly comprise of intention and behaviour whether 

constructive or destructive determined by the individual’s attitude, perceived 

usefulness which is the measure of the user’s conviction of enhancing their 

performance, the user’s ease of understanding and operating known as perceived 

ease of use, and social influence. 

 

The willingness to embrace innovative technologies is measured by a Technology 

Readiness Index (TRI). The scale comprising of 28 items is divided into four 

categories being optimism, innovativeness, discomfort, and insecurity. Where the 

first two contribute to the willingness, while the last two diminish it. 

 

As mentioned by El-Gayar, Moran & Hawkes (2011), Tablet PCs (TPC) are ahead 

of the pack when it comes to mobility. The handwriting feature is an added plus. 

These features make it popular among users in a number of fields whether it be 

healthcare, construction, government, or education. The chief focus of the 

discussion being how TAM was used to evaluate the contribution of TPC in 

improving the quality of education in institutions by taking the effect of TPC and 

the students’ and teachers’ behaviours towards it into consideration. 

 

Another education based development was examined by Smart & Cappel (2006), 

where e-learning was the main emphasis. It stated how learning can be enhanced 

through the students’ active participation, by means of real world examples and 

real life experiences which are more relatable and by performing associated 

physical activities. Doing and then reflecting upon that doing which is termed as 

active learning or learning by doing was concluded as the key to enhance learning.  

 

An experiment to evaluate the preference of online learning amongst students and 

how students performed in that environment was also conducted. The results 
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showed how online learning provided simplicity and ease of use, better 

presentation of information, quick responses, interactive learning as well as some 

limitations regarding time consumption, insufficient instructions, loss of work in 

addition to other technical issues. Conclusions were then made about how e-

learning had the potential to maximize class performance and facilitate students 

in their learning capabilities. 

 

Rose & Fogarty (2006) used self-service technologies (SSTs) such as ATMs, 

Internet banking etc. as a scenario to explain the acceptance of technology 

amongst senior citizens. Since SSTS require interacting less physically and more 

with the technology-based systems, it was mainly focused on how senior 

consumers react to this change as most of them prefer personal contact and 

assistance. Again, TAM was used to determine this impact. Different factors like 

perceived self-efficacy which is the user’s confidence in their capability to use 

that particular technology, technology discomfort, subjective norms where the 

user is influenced by what others ask of them were analyzed to determine the 

positive and negative effects they have on the dependent variables. 

 

An additional theory that comes into effect is the diffusion theory. Which outlines 

the progression of technology amidst different organizations and the general 

population. This diffusion theory of innovations, alluding to the situation of 

critical mass, stated that an individual was only likely to embrace the technology 

only when a substantial number of his associates do so. The adoption of HDTV 

advertising by advertising agencies mentioned by Pashupati & Kendrick (2008) 

and the adoption of 3G pointed out by Lin, Tang, Shyu & Li (2008) are some of 

the relevant examples. 

 

Pashupati, et al.’s (2008) study outlined why advertising agencies were reluctant 

to convert to HDTV advertising. Different aspects like HD ads being expensive, 
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scarce HD programming viewers, and slow paced acceptance of HD ads by 

networks were discussed along with their involvement that affected the overall 

development in embracing HD ads by different agencies.  

 

On the other hand, Lin, et al.’s (2008) study was based on the 3G service provided 

by telecommunication companies and the prediction of its growth in terms of 

future demand via the diffusion model. 

 

El-Gayar, et al.’s (2011) data was based on the study conducted by Midwest 

public university. Smart, et al.’s (2006) study was based on the data of the 

students of Michigan Virtual University (MVU) where the online learning setting 

was provided by the Information Technology Training Initiative (ITTI). Rose, et 

al.’s (2006) study consisted data collected from the Queensland Seniors database 

in Australia. Pashupati, et al.’s (2008) data was based on pilot studies in which 

students of a university in southwestern United States participated and a list 

formed consisting of the top 200 advertising agencies. 

 

Different models like theory of reasoned action (TRA), theory of planned 

behaviour (TPB), technology acceptance model (TAM), unified theory of 

acceptance, and use of technology (UTAUT) are used to elucidate the acceptance 

of technology in various domains by taking appropriate dependent variables into 

account. The adoption of innovative technologies is determined using these 

models and techniques. With the inclusion of extensions of these models and 

other related theories. These help in determining the impact of technological 

changes and predicting how these changes will influence the growing industry 

and the general population. 
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2.2 TECHNOLOGY ADOPTION / 

ACCEPTANCE FRAMEWORKS / 

THEORIES / MODELS 

 

While theories help forecast phenomena by acting as suppliers of descriptive 

variables, models help deduce characteristics for further research by providing 

methodical explanations of those theories or phenomena (Samaradiwakara & 

Gunawardena, 2014). The field of Management Information Systems (MIS) 

revolves around the discovery, observation, and understanding of different factors 

that may or may not affect the success of technological progressions for an 

industry or organization (Fred D. Davis, 1985). MIS research comprises of 

instigating disparate measurements that enables its practitioners to evaluate the 

criteria for which the said industry or organization can yield successful results 

given a system. It also provides them with the ability to influence these said 

measurements, commonly known as variables.  

 

Technology becomes futile if it is neither acknowledged nor used. Its acceptance 

revolves around user participation because it is their inclination to use the services 

of an information system or information technology provided for a task that forms 

the basis of deciding a technology’s success or failure. From a psychological 

perspective, it is the decision-making process that the users undergo concerning a 

technology. Consequently, to improve the procedure that assesses and envisages 

users’ response to new technology, researchers focus on recognizing the reasons 

behind users’ acceptance of information technology. Consisting of individual user 

insights, opinions, their influence on usage behaviour, and other related 

characteristics. These are then modelled using different theories to formulate what 

encourages and deters technology usage and acceptance amongst the users along 

with forecasting the user acceptance phenomena (Samaradiwakara & 

Gunawardena, 2014). 
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Generally, models are abstract constructions of any real-world phenomena that is 

being explored. So that they can be understood, explained, predicted, or controlled 

(Samaradiwakara & Gunawardena, 2014). There exist numerous theoretical 

models that help elucidate the adoption process of new and emerging technologies 

(Kim & Shin, 2015) as well as analyze the adopting issues related to information 

systems, or theories involving psychological and sociological aspects (Chen & 

Shih, 2014). These models are a source of productive information that evaluate a 

new, proposed system in its premature phase providing the probability of success 

in terms of user acceptance before it is implemented, which is valuable to any 

company in the process of developing new and emerging technologies (Fred D. 

Davis, 1985). Granting, prototypes that already exist are in itself useful for testing, 

they are insufficient when it comes to evaluating the response of the users. Even 

if a new system achieves the required performance gain, the gains are rendered 

useless if user adoption of that system fails. Therefore, it is effective to analyze 

prototypes with potential users to create a refined and successful system design as 

an outcome (Fred D. Davis, 1985).  

 

From research regarding information systems it is observed that when cultural 

differences are taken into account, technology usage patterns and its adoption are 

not the same (Adwan, Adwan, & Smedley, 2013). To explicate the acceptance of 

Information Technology (IT) and Information Systems (IS), their nature, and 

determinants, it is essential to review prevailing theories, models, and frameworks 

in order to propose an improved one (Samaradiwakara & Gunawardena, 2014). 
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2.3 THEORY OF INNOVATION ADOPTION/ 

THE DIFFUSION OF INNOVATIONS 

THEORY/ INNOVATION DIFFUSION 

THEORY (IDT) 

 

A concept, or an article associated with that concept, discerned to be new is, by 

definition, an innovation. It is specified as being continuous, dynamically 

continuous, and discontinuous. Where continuous is when a product is altered as 

to have only a slight change in consumer behaviour, dynamically continuous has 

a considerable effect on consumer behaviour which as a result may cause the 

formation of a new product or a revision of an existing one. But the effect is not 

as much that it modifies the behaviour pattern. 

 

Adoption is a term described as the decision to make maximum use of an 

innovation as the best strategy available (Enér & Knutsbo, 2015).  Rogers’ 

Innovation Diffusion Process also known as the Theory of Innovation Adoption, 

the Diffusion of Innovations Theory, as well as, Innovation Diffusion Theory 

(IDT), is an adoption process model that includes knowledge, persuasion, 

decision, implementation, and confirmation, denotes the expansion of a recent 

idea derived from an existing creation. The five innovation traits that have a 

notable impact on the attitude of the consumers are as follows: 

1. Relative advantage: To what extent is the innovation better than the one it 

displaces? 

2. Compatibility: How consistent is the innovation with present standards, 

former experiences, and the requirements of prospective users. 

3. Complexity: An idea is readily adopted if it is effortlessly understood 

compared to the one that is harder to comprehend and use, that is, the 

measure of its complexity. 
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4. Observability: The amount of the innovation’s outcomes observable to 

others. 

5. Trialability: Diffusion of an innovation can be stimulated if on a limited 

basis, it can be experimented with. The degree to which this can be done 

comes under the trialability characteristic of the innovation (Pashupati & 

Kendrick, 2008).  

 

Applicable to the analysis of organizational as well as individual echelons 

(Samaradiwakara & Gunawardena, 2014), innovation diffusion theory is used in 

inspecting the adoption of cell phones, webcasting, HDTV, digital TV, and other 

forms of communication like interactive cable television (Pashupati & Kendrick, 

2008), this model as it was further improved, gave rise to concepts and new 

paradigms to determine factors influencing the adoption of an innovation by a 

consumer. This included the impact of competitive and marketing operations, as 

well as characteristics of the consumer, perceived properties of the product, and 

the design of promotional features of a product that affected the intention to buy 

it (Lin, Tang, Shyu, & Li, 27-31 July 2008). Owing to the suggestion that concepts 

developed by researchers should be modelled depending on the context of the 

adoption and the particular classification of technologies (Pashupati & Kendrick, 

2008), the diffusion of innovations theory expounds the progression method of a 

technology from its invention phase to whether or not it will be extensively used. 
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Extent of Change Agents’ 

Promotion Efforts

 

 

Figure 2-1 The diffusion of innovations framework (Enér & Knutsbo, 2015) 

 

  

Factors other than the five described earlier (perceived attributes of innovation) 

that affect the rate of adoption of an innovation, which in a social paradigm is 

how rapidly an innovation is adopted by individuals, are shown in Figure 4.1-1. 

Types of innovation-decisions include optional, collective, and authority. 

Innovation-optional innovation-decision are adopted faster as compared to an 

innovation adopted by an organization (Rogers, 2010). So to say innovation-
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decisions affect adoption in such a way that the involvement of more people in 

the decision-making slows adoption rate. Communication channels are the means 

by which an innovation is diffused. This affects the rate of adoption as some can 

be faster or slower when compared to others. Mass media is an example of the 

former while interpersonal, that is, face-to-face communication is an example of 

the latter as it creates knowledge awareness. Nature of the social system refers to 

the individual’s abiding of the customs and the interconnection of their 

communication system (Enér & Knutsbo, 2015). Change agents are responsible 

for introducing innovations to society because they are of the opinion that the 

innovation will have the desired effect. The change agents’ efforts may not have 

a linear or direct relationship with the rate of adoption, but greater outcomes can 

be achieved for a given amount of activity of the change agent during certain 

stages in the innovation diffusion process. Even though the adoption in the 

majority of the systems is between 3 to 16 percent when opinion leaders adopt, 

the resulting response to change agent effort is greater then (Rogers, 2010). 

 

2.4 TECHNOLOGY ACCEPTANCE MODEL 

(TAM) 

 

To better understand the processes of user acceptance, giving rise to new 

theoretical perceptions which result in effective design and execution of 

information systems and to provide a conceptual testing method for user 

acceptance aiding in the assessment of new systems proposed before they are 

implemented are the two chief foundations that form the basis of the Technology 

Acceptance Model (TAM) (Fred D. Davis, 1985). Acquired from the Theory of 

Reasoned Action (TRA), the TAM was explicitly designed for information 

systems with the purpose of demonstrating their user acceptance (Adwan, Adwan, 

& Smedley, 2013). It was developed to corroborate improved measurements to 

forecast and explain the usage of technology (Samaradiwakara & Gunawardena, 
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2014). TAM covers wide-ranging computing technologies and user populations 

in order to explicate consumer behaviour (Pashupati & Kendrick, 2008). 

 

Proposed by Davis, Bagozzi, and Warshaw (Pashupati & Kendrick, 2008), and 

the first model to take psychological factors into account (Samaradiwakara & 

Gunawardena, 2014), the two dimensions of technological innovations that TAM 

majorly emphasizes are perceived usefulness (PU) and perceived ease of use 

(PEOU) of the innovation, closely linked to relative advantage and complexity 

defined in the previous model (Pashupati & Kendrick, 2008). It was in 1968 that 

Davis first presented TAM in his Ph.D. thesis. And it was three years later it 

originated as an adaptation of TRA (also known as an extension of TRA) to 

explain the reasons behind users’ acceptance and rejection of information 

technology (Adwan, Adwan, & Smedley, 2013). 

 

PU and PEOU form the principal psychological determinants of user’s attitude 

(AT) and intention to use (IU) the system, where an increase in PU and attitude 

have a positive impact on the user to adopt and use a technology.  

  

Studies of user acceptance of information technology that have corroborated 

TAM include the Wolrd Wide Web, multimedia, mobile banking, healthcare 

(Adwan, Adwan, & Smedley, 2013), as well as technologies including 

smartphones, tablet PCs, mobile cloud computing, e-book readers, and services 

like long-term evolution (LTE) (Kim & Shin, 2015). 
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Figure 2-2 Technology Acceptance Model (Chau, 1996) 

 

 

As shown in Figure 2.2-1, perceived usefulness and perceived ease of use in TAM 

are influenced by external variables like training, system features, user support, 

and documentation, where perceived ease of use also had an impact on perceived 

usefulness (Chau, 1996). Furthermore, PEOU has a probable influence on PU 

where performance is improved if PEOU increases. As a result, PEOU has a direct 

impact on PU (Adwan, Adwan, & Smedley, 2013). User’s attitude towards 

operating the system is mutually determined by PU and PEOU. Furthermore, this 

attitude and perceived usefulness were the determining factors of the behavioural 

intention to use a system, which in turn ascertained the actual system usage (Chau, 

1996). In short, the more technology is regarded as easy to use and useful, the 

greater the user’s attitude towards it and higher the chances of their intention to 

use that technology (Stoel & Lee, 2003).   
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2.4.1 PERCEIVED USEFULNESS 

 

The amount of credence of an individual that using a system would increase or 

improve performance (Stoel & Lee, 2003) specifically their job performance 

(Adwan, Adwan, & Smedley, 2013) is defined as the perceived usefulness. 

Where a system is deemed as unfavourable by the users if no matter how 

carefully efforts are implemented, it fails to help people perform their jobs 

(Chau, 1996). Effort decreasing is its main underlying mean (Adwan, Adwan, 

& Smedley, 2013). 

  

Usefulness discerned in this context can refer to an improvement in job 

performance or an enhancement in job satisfaction. Refining social status or 

prospects in one’s profession also allude to this construct. The former being 

near-term, while the latter belonging to long-term usefulness (Chau, 1996). 

 

2.4.2 PERCEIVED EASE OF USE 

 

Perceived ease of use is defined as the extent to which individuals find using a 

system to be effortless (Chau, 1996) or that it saves or minimizes effort 

(Adwan, Adwan, & Smedley, 2013). Conversely, it can also be defined as the 

degree to which an individual considers that there is a need for some effort 

when it comes to learning to operate a particular technology (Stoel & Lee, 

2003). System design and features are the major mechanisms that bring about 

this factor (Adwan, Adwan, & Smedley, 2013). 

 

According to Patrick Y.K. Chau (1996), a study shows that compared to 

perceived ease of use which had a prominent but receding effect, perceived 

usefulness had a much stronger impact on the user’s intention. 
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2.4.3 ATTITUDE 

 

Technology that is discerned as unchallenging to operate, is presumed to be 

useful by the users, and consequently they form an auspicious attitude towards 

it. Hence, PEOU being one of the determinants of user attitude. 

 

Attitude is defined as the feelings of an individual towards executing a target 

behaviour (Adwan, Adwan, & Smedley, 2013). What they feel and their 

emotions towards the use of that technology is what makes up their attitude 

regarding it (Stoel & Lee, 2003). Where the feelings can be positive as well as 

negative (Adwan, Adwan, & Smedley, 2013). 

 

 

2.5 TAM2 

 

An expansion of the original Technology Acceptance Model discussed 

previously, TAM2 comprises of supplementary fundamental contributing factors 

vindicate intention to use and perceived usefulness. These relate to processes of 

social influence and cognitive instrumental. Although both have a substantial 

impact on user acceptance, TAM2 is also used to identify how a rise over time in 

user experience directed at the technological system can influence the effects of 

the aforementioned factors. 

 

Subjective norm, image, and voluntariness come under the processes of social 

influence. While output quality, job relevance, perceived ease of use, and result 

demonstrability fall into the category of cognitive instrumental processes 

(Samaradiwakara & Gunawardena, 2014). 
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The subjective norm factor is grasped from the Theory of Reasoned Action (TRA) 

and Theory of Planned Behaviour (TPB). Voluntariness is the degree of perceived 

free will or voluntary use of an innovation. The extent to which an innovation is 

perceived to improve one’s social status is defined by the image factor in the 

model (Enér & Knutsbo, 2015). 

 

Job relevance is the individual’s assessment of the system as to its application to 

his or her work. The fact that an individual is aware of the tasks required to be 

performed by the target system with respect to his or her job makes this factor a 

direct influence of perceived usefulness. Output quality are the individual’s view 

point on the capabilities of the system, their job condition, and an impression of 

the system’s performance when it comes to certain tasks. And lastly, result 

demonstrability is the property of system usage results to be tangible. The more 

solid the results, the higher the probability as to the innovation’s usefulness to be 

perceived in the positive sense. Thus result demonstrability directly influences 

perceived usefulness (Enér & Knutsbo, 2015).  
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Figure 2-3 TAM2 model (Enér & Knutsbo, 2015) 

 

 

2.6 UNIFIED THEORY OF ACCEPTANCE 

AND USE OF TECHNOLOGY (UTAUT) 

MODEL 

 

Considered to be more robust than the other models in terms of anticipating a 

technology’s acceptance, the Unified Theory of Acceptance and Use of 

Technology (UTAUT) model scrutinizes the importance of relations present 

within the model and pertains to statistical methods for analysis (Chen & Shih, 

2014). 

It is rather onerous to choose the most suitable model to predict the intention of a 

consumer to adopt a certain technology amounting to a variance of 40%. And 

even then, there is the matter of certain imperative functions associated with other 

contending models being disregarded. Therefore, from a combination of eight 

models appraised from the literature history of consumer acceptance, the Unified 
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Theory of Acceptance and Use of Technology (UTAUT) model was devised by 

Venkatesh, Morris, Davis and Davis. Later, an extended UTAT model was also 

proposed by Mäntymäki and Salo to forecast the purchase intention of the 

younger generation in a social virtual setting. Other factors were also added to the 

preliminary UTAT model to attend to the different aspects of the adoption 

process. Like innovativeness was incorporated in the model by Martín and 

Herrero to attend to the psychological factors of the consumer that had an impact 

on the online purchase intention in rural tourism (Chen & Shih, 2014). 

 

The UTAUT contains performance expectancy, effort expectancy, social 

influence, and facilitating conditions as its four determinants of user acceptance 

and usage behaviour on technology. As shown in Figure 4.4-1, these four form 

the core determining factors of usage and intention along with the other four, 

namely, gender, age, voluntariness, and experience as mediators of fundamental 

relationships (Samaradiwakara & Gunawardena, 2014). 

 

UTAUT outlines the gradual development of contributing factors of intention and 

behaviour, where in the model majority of the fundamental relationships are 

moderated (Samaradiwakara & Gunawardena, 2014). 

 

It is theorized that anxiety, attitude toward using technology, and self-efficacy do 

not directly determine intention (Samaradiwakara & Gunawardena, 2014). 
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Figure 2-4 The Unified Theory of Acceptance and Use of Technology (UTAUT) model (Samaradiwakara & Gunawardena, 2014)
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2.7 THEORY OF REASONED ACTION (TRA) 

 

The behavioural Theory of Reasoned Action (TRA) in addition to being the first 

prevalent conjectural perception in the field of technology acceptance, is also 

versatile. Modelling the attitude-behaviour affiliation, it implies that if individuals 

realize that consequences of operating a system are constructive then they are 

susceptible to use it (Samaradiwakara & Gunawardena, 2014). 

 

 TRA demonstrates the behaviour construct as being determined by behavioural 

intention, where subjective norms and individual attitudes of that behaviour in 

addition to behavioural intention belonging to the functions of these two factors 

(Adwan, Adwan, & Smedley, 2013). 

 

TRA is also a predecessor for the subsequently discussed Theory of Planned 

Behaviour (TPB) (Samaradiwakara & Gunawardena, 2014) that has a place in the 

family of frameworks that forecast the intention of an individual to use an 

information system as well. 

 

2.7.1 SUBJECTIVE NORM 

 

Subjective norm is the awareness of an individual that majority of the people 

important to that particular individual are of the opinion for or against that he 

performs the behaviour in question (Adwan, Adwan, & Smedley, 2013). Or 

that they approve of the behaviour being performed by the individual (Enér & 

Knutsbo, 2015). 
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2.7.2 INTENTION 

 

In TRA, subjective norms and an individual’s attitude towards the behaviour 

and their perception of it form the determinants of behavioural intention. 

Where an individual’s behaviour is mainly determined by intention (Adwan, 

Adwan, & Smedley, 2013). The probability of an individual to use a 

technology in the future and that individual is a precursor of its actual use is 

what defines the user’s intention to use (Stoel & Lee, 2003). 

 

The relation between perceived usefulness and behavioural intention can be 

elaborated as people’s intentions towards behaviours that are formed when 

they believe that particular behaviour enhances job performance. This is 

regardless of whether those individuals are positively or negatively inclined 

towards that behaviour (Adwan, Adwan, & Smedley, 2013). 
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Figure 2-5 Theory of Reasoned Action (TRA) (Enér & Knutsbo, 2015)
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2.8 THEORY OF PLANNED BEHAVIOUR 

(TPB) 

 

Another one of the models that forecast the intention of an individual to use an 

information system and as mentioned earlier, a successor of the Theory of 

Reasoned Action (TRA). What makes the Theory of Planned Behaviour (TPB) 

conspicuous from other frameworks is the introduction of perceived behavioural 

control (PBC), a third autonomous determining factor of intention 

(Samaradiwakara & Gunawardena, 2014). 

 

Perceived behavioural construct (PBC) is defined as individual perception of 

whether he or she has the necessary resources and opportunities required to 

perform a particular behaviour. The construct refers to either the absence or 

presence of these said resources and opportunities. PBC is depended on control 

beliefs which is the perception of the obtainability of resources, skills, and 

opportunities, along with perceived facilitation which is an individual’s valuation 

of the significance of those resources to accomplish target outcomes (Mathieson, 

1991). 

 

As a whole, the accessibility of opportunities, skills, and resources in addition to 

their perceived importance to accomplish outcomes together form the 

determinants of TPB (Samaradiwakara & Gunawardena, 2014). 

 

The rise in the probability of an individual’s intention to do a desired action which 

in turn makes that individual more likely to actually do it, can be achieved by 

modifying these three prognosticators, namely, perceived behaviour control, 

subject norm, and attitude (Samaradiwakara & Gunawardena, 2014). 
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Figure 2-6 Theory of Planned Behaviour (TPB) (Enér & Knutsbo, 2015) 

 

 

2.9 TECHNOLOGY READINESS 

ACCEPTANCE MODEL (TRAM) 

 

Adapted from the Technology Acceptance Model (TAM), the Technology 

Readiness Acceptance Model (TRAM) shown in Figure 4.7-1 examines user 

behaviour of technology adoption in a consumer environment instead of a work 

environment by adding the concept of Technology Readiness. This property 

makes TRAM distinct from other models (Enér & Knutsbo, 2015). 
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Figure 2-7 Technology Readiness Acceptance Model (TRAM) (Enér & Knutsbo, 

2015) 

Technology readiness is defined as the inclination of people towards embracing 

and using new technologies to carry out work related tasks or tasks at home. This 

construct can be separated into four sub-levels (as can be seen in Figure 4.7-1) that 

have an effect on TR as a whole. Optimism, the first sub-process, is the positive 

general idea of technology adoption and its advantages in terms of control and 

flexibility it generates for the users. Secondly, innovativeness outlines how much 

the user likes to think of himself as pioneer in technology adoption. The third 

dimension, discomfort is when users are unable to feel in control when adopting a 

new innovation in technology. And last but not the least, insecurity regarding the 

technological innovation and doubting whether it will function properly. Along 

these lines, the first two sub-levels, that is, optimism and innovativeness are 

positively correlated to consumer technology adoption while the last two, meaning 

discomfort and insecurity are negatively associated to consumer technology 

adoption (Enér & Knutsbo, 2015). 

 

 

 

2.10 COGNITIVE DISSONANCE THEORY 

(CDT) 
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Cognitive Dissonance Theory (CDT) was devised in 1957 by Festinger. It 

revolves around the disparity of an individual’s perception before, during, and 

after using a technology in addition to the reality that leads to the modification of 

that individual’s actions or ensuing perception. It is the disconfirmation element 

of the process model that represents the contrast between user anticipation and 

perceived performance of the system (Samaradiwakara & Gunawardena, 2014).  

 

 

2.11 EXPECTATION-DISCONFIRMATION 

THEORY (EDT) / EXPECTATION-

CONFIRMATION THEORY 

 

Originated from the definition of the Cognitive Dissonance Theory and 

marketing, it is relatively recent that this theory has come into effect to evaluate 

the adoption of information technology. Comprising of expectations, 

performance, disconfirmation, and satisfaction which form EDT’s four chief 

constructs, the Expectation Disconfirmation Theory or Expectation Confirmation 

Theory centres on by what means there is a change in the reactions of the user 

over time as well as what causes it (Samaradiwakara & Gunawardena, 2014). 

 

 

 

 

 

2.12 TASK TECHNOLOGY FIT MODEL (TTF) 
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Quality, locatability, authorization, compatibility, ease of use/training, 

production timeliness, systems reliability, and relationship with users are 

the eight dynamics that make up the task technology fit model. Pertinent to 

a variety of information systems, the model comes into effect when IT 

proficiencies are identical to the tasks required to be executed by an 

individual. And only then can that IT positively influence the user’s 

performance (Samaradiwakara & Gunawardena, 2014). 

 

2.13 SOCIAL COGNITIVE THEORY (SCT) 

 

It is from this framework that elements of age, gender, and experience were 

investigated to discern their function in the research of technology 

acceptance as to whether it was significant or not. The Social Cognitive 

Theory mainly focuses on pressures from society or circumstantial 

characteristics that are inimitable, both collectively forming an influence 

that is of the environmental type. As well as factors that are perceptive and 

others that are personal consisting of personality and attributes concerning 

the demography. These, in addition to being evenly important, jointly form 

the determinants of behaviour in SCT (Samaradiwakara & Gunawardena, 

2014). 

 

 

 

 

 

2.14 A BRIEF COMPARISON/OVERVIEW OF 

SOME OF THE AFOREMENTIONED 
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TECHNOLOGY ADOPTION/ACCEPTANCE 

FRAMEWORKS/THEORIES/MODELS 

 

Where the Cognitive Dissonance Theory (CDT) and the Expectation 

Disconfirmation Theory or Expectation Confirmation Theory (EDT) have yet to 

be researched on different contextual studies of technology acceptance and have 

failed to attain as the similar amount of attention as the more commonly used 

theories/models/frameworks of technology acceptance which include TAM, 

TAM2, UTAUT, TRA, and TPB. The latter have been applied on numerous 

settings worldwide, more specifically in literature concerning Information 

Systems (IS) (Samaradiwakara & Gunawardena, 2014). 

 

Theory of Reasoned Action (TRA) although used in various fields, its application 

is more frequent in the areas of business and academia nowadays. Although there 

is no doubt as to its cogency in IS literature, TRA still has its limitations. One of 

them being the supposition of unrestricted action by the individual when an 

intention to act takes shape. The freedom to act is limited by ability, time, 

unconscious habits as well as organizational and environmental limitations 

(Samaradiwakara & Gunawardena, 2014).  

 

Secondly, the misperceiving of attitude and norms. Because norms are every so 

often reframed as attitudes, and attitudes as norms. There is also a growing need 

for a supplement of explanatory variables where TRA is concerned 

(Samaradiwakara & Gunawardena, 2014). 

 

The Theory of Planned Behaviour (TPB) then ensues to overcome these TRA 

constraints. But the inadequate psychological perspective of social norms that is 

said to possibly not have an impact on behavioural intention since IS usage is 
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somewhat on a personal level and it is voluntary for individual use, is where TPB 

falls short (Samaradiwakara & Gunawardena, 2014). 

However, TPB provides more details than TAM as to explanation of the 

individuals’ intention to use a system. This is because of the subjective norm and 

the perceived behavioural control construct. The former helps identify groups of 

people whose opinion can influence the user while the latter aids in determining 

limits when it comes to the use of the system like user skills constraint. And as 

TPB studied beliefs particular to a system unlike TAM that simple and applicable 

to any system in general and therefore catered information regarding its perceived 

usefulness and perceived ease of use, the TPB is considered to obtain more 

accurate information (Chuttur, 2009). 

 

It is the Technology Acceptance Model that caters to a broad spectrum of 

technologies on a variety of subjects by predicting and explaining individual 

behaviours. This is due to its general determining factors of technology acceptance 

on an individual basis. TAM is a robust, valid, and an economically efficient 

model when compared to TRA and TPB and is rather simpler relative to TPB 

because of its capability to rapidly gain conventional information on technology 

from an individual’s perspective in addition to being inexpensive by doing so 

(Samaradiwakara & Gunawardena, 2014). 

 

The core constructs as well as the key relationships mentioned in the Unified 

Theory of Acceptance and Use of Technology (UTAUT) make up a solid base in 

the research of technology acceptance. In addition to that, it also plays a significant 

part in the said research’s explanation as well as gives an exclusive perspective of 

a user’s acceptance or rejection of that particular technology.  

 

UTAUT is regarded as an improved model in a number of literatures because of 

its high explanatory potential and the fact that its construction including both of 
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its usage behaviour and behavioural intention determinants are based on a careful 

review of models involving the likes of the Theory of Reason Action, Theory of 

Planned Behaviour, Technology Acceptance Model, Innovation Diffusion 

Theory, Social Cognitive Theory, and others (Samaradiwakara & Gunawardena, 

2014). 

 

Different models are used for technology acceptance in an array of domains. As 

new technologies surface that are perceived differently by various groups because 

of its complexity, usage, and other such factors that may or may not be taken into 

account, to explain and predict their acceptance is possible with the assistance of 

existing, improved, or newly proposed models, frameworks, or theories. To 

analyze the positive and negative influences of the determinants of behavioural 

intention to use a particular technology and its actual usage, these very models 

help to gain perceptions and reach conclusions.  

 

 

Table 2-1 An overview of various factors that play a role in influencing the adoption and 

acceptance of technology. 

 

Perceived usefulness  

 

 

The degree to which an individual believes that using 

a particular system would enhance his or 

her job performance. 

 

 

Perceived ease of use  

 

 

The degree to which an individual believes that using 

a particular system would be free of 

physical or mental effort. 
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Technology readiness  

 

People’s propensity to embrace and use new 

technologies for accomplishing goals in home life and 

at work. 

 

 

Subjective norm 

 

Social influences affecting a person’s intention to 

perform the behaviour. 

 

 

Behavioural intention 

 

An individual at will can decide 

to perform this behaviour or not. The decision is 

determined by whether an  

individual has resources like time, money, skills, 

cooperation of others etc. to perform this behaviour. 

 

 

Attitude towards using 

 

An individual’s positive or negative evaluation of 

performing the behaviour. It involves an individual’s 

judgment that performing a behaviour is good 

or bad and also a general evaluation that an individual 

is inclined or disinclined to perform the 

behaviour. 

 

 

Actual system use 

 

Tendency to actually using the system. 

 

 

Perceived playfulness 

 

 

The performance of an activity for no apparent reason 

other than the process of performing it 
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Perceived visual 

attractiveness 

 

 

The degree to which a person believes that it is 

aesthetically pleasing to the eye. 

 

 

 

Usage intention 

 

Degree of intention to 

use. 

 

 

Technology discomfort 

 

The tendency of an individual to be uneasy, 

apprehensive, stressed or have anxious feelings about 

the use of a technology. 

 

 

Perceived risk 

 

Consumers may perceive new technology as riskier 

than the traditional/previous form. 

 

 

Fear of theft / Security 

 

How secure the individual feels, that is, the degree of 

security the individual feels while in possession of the 

particular technology or using it especially in 

public/crowded places. 

 

 

Personalization / 

Customization 

 

Degree to which a technology can be personalized 

according to an individual’s taste. 

 

 

Portability / Mobility 

 

Tendency of a technology to be carried and used 

anywhere.  
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Traditionality 

 

Degree to which a technology is close to traditional 

values and customs. 

 

 

Compatibility 

 

The degree to which an innovation is perceived as 

consistent with existing values, past experiences and 

needs of potential adopters. 

 

 

Relative advantage 

 

How the perception of an innovation is exceeding the 

previous idea it is built on. 

 

 

Complexity 

 

How complex is the system to use. 

 

 

Trialability 

 

The degree to which an innovation may be 

experimented with on a limited basis. 

 

 

 

 

Image 

 

 

 

The degree to which use of an innovation is perceived 

to enhance one’s image or status in one’s social 

system. 

 

 

Output quality 
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An individual’s views on the system’s capability, their 

job situation, and by overviewing how good the 

system performs certain tasks. 

 

 

Result demonstrability 

 

 

Tangibility of the results of using the innovation. 

 

Brand loyalty 

 

Whether an individual is drawn to the innovation only 

if it belongs to a specific brand. 
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Chapter 3 

Research Methodology 

 

 

3. RESEARCH METHODOLOGY 

 

As discussed earlier, smartwatches have begun to acquire the necessary attention 

even though they have existed for longer than one might think. And with wearable 

technology gaining feat, there is an increasing amount of competition between 

organizations involved in this particular area of expertise. With the addition of 

providing such organizations perceptions of consumers regarding smartwatches, 

this research focuses on its adoption and acceptance. 

 

Initially, a model represented in Figure 3-1 was designed to identify user 

acceptance and adoption of smartwatches after reviewing the different factors 
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involved in other validated theoretical frameworks along with their respective 

hypotheses. Then, a questionnaire was constructed with respect to the factors in 

the proposed model in order to attain the necessary data required for the research 

study as well as a means to verify whether it authenticated the said model and its 

hypotheses. Each question in the survey belonged to one of the 8 constructs in the 

model (see Appendix) represented in Figure 3-2, namely, perceived usefulness 

(PU), perceived ease of use (PEOU), technology readiness (TR), subjective norm 

(SN), perceived visual attractiveness (PVA), fear of theft (FOT), brand loyalty 

(BL), and behavioural intention (BI). And relationships between these factors 

corresponded to a particular hypothesis. 

 

In the context of this study and the proposed model (Figures 3-1 and 3-2), 

perceived usefulness of smartwatches is the extent to which an individual believes 

the smartwatch enhances job performance. Perceived ease of use is the degree to 

which individuals find that using the smartwatch minimizes or saves effort. 

Technology readiness is how much the smartwatch is embraced by individuals as 

a means to accomplish work. Subjective norm defines the effect of social influence 

on an individual’s intention to buy or use the smartwatch. Perceived visual 

attractiveness is appealing factor of the smartwatch. Fear of theft is the degree of 

security an individual feels when using the smartwatch in a public or crowded 

environment. Brand loyalty is whether an individual is drawn to a smartwatch 

belonging to a specific brand. And finally, behavioural intention is the individual’s 

intent to use the smartwatch. 

 

Subsequently, an online self-administered survey was conducted to study the 

acceptance and adoption of smartwatches quantitatively. The questionnaire (see 

Appendix), created on Google Forms, consisted of a total of thirty questions to 

which respondents were to answer based on the five point Likert scale format, that 

is to say, from one, strongly agree, to five, strongly disagree.  
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The survey managed to attain a total of 499 responses (that were from Pakistan) 

from both the male and female categories of different age groups, and professions 

which for the most part consisted of students, 195 to be exact and making up 

approximately 32% of the total, but also others from the fields of finance, IT, 

management, banking, teaching, architecture, and many more. Age brackets 

mentioned in the survey included the ranges from 16-20, 21-25, 26-30, 31-35, 36-

40, 41-45, 46-50, and 51 or above. Where majority of the respondents were male 

and from the 21 to 25 age group. Further detailed analysis of survey responses is 

discussed later. 

 

Out of the many responses gathered, the ones belonging from Pakistan were 

selected that were to be the study’s chief focus. This amounted to 500 in total. 

Analysis of these was then conducted using IBM’s Statistical Package for the 

Social Sciences (SPSS) Statistics software (version 22) to assist in the findings 

and drawing conclusions for the said research study. 

 

The thirty Likert scale questions were classified as the ordinal level of 

measurement while information like age, sex, and profession were nominal 

measures. Before analysis, it is mandatory to determine the appropriate level or 

value of the attribute being analyzed which defines the process of measurement. 

Levels of measurement can be classified as nominal, ordinal, interval, or ratio 

(Bailey, 1994). 

All qualitative measurements are said to be nominal. Attributes measured 

qualitatively have names or labels appointed to their respective categories instead 

of numbers. Which requires at least two categories that are distinct, mutually 

exclusive, and exhaustive in nature. Mutually exclusive is the condition when each 

item should fit into only one category. While exhaustive means that for each item 

that is being measured there should exist a relevant category to which it will 



Page 70 of 155 
 

belong. To summarize the nominal measure, each case should have a belonging 

category, which defines the exhaustive property, and there should only be one such 

appropriate category fitting for the item, making it mutually exclusive as well in 

nature. Examples of such variables include that of gender, eye colour in addition 

to others that can either be designated numerically (not measured numerically) or 

by names (Bailey, 1994). 

 

If an attribute is measured in numbers, it is said to be quantitative. Quantitative is 

divided into three levels, namely, ordinal, ratio, and interval. The sequence of 

levels of measurement, that is, nominal, ordinal, interval, ratio states that each new 

level comprises of all the properties of the level prior to it as well as some added 

properties of its own. Therefore, ordinal is mutually exclusive and exhaustive but 

in addition to those inherited characteristics, ordinal data is ordered with respect 

to value meaning ranks of first, second, third, or oldest to youngest. Unlike 

nominal where categories of equal value henceforth on the same level (Bailey, 

1994). 

 

Other levels of measurement include that of interval which measure difference 

from one rank to the next and ratio which in addition to having properties of 

interval states that values along the scale should be meaningful. For example, a 

lecturer with a rated 4 would be twice as helpful in comparison to the one having 

a rating of 2 on the ratio scale (Field, 2009). Determining difference of age in years 

between one rank or the next is an example of the interval level measurement. 

Where a difference between an 89 and 88 year old, and 14 and 13 year old is the 

same on the scale regardless of where it is occurring on the scale as both are equal 

to having a difference of one (Bailey, 1994). 

 

Survey responses collected from the survey were adapted to fit in the format of 

SPSS so that required analyses and calculations could be performed. Where the 
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questions were labelled according to the factor they represented in the proposed 

model and responses to questions based on the five point Likert scale were given 

the following values: 

 

1 = “Strong Agree”, 

2 = “Agree”, 

3 = “Neutral”, 

4 = “Disagree”, and 

5 = “Strongly Disagree” 

 

Similarly, other values were also revised accordingly: 

 

 1 = “Male”, and 

 2 = “Female” 

 

And age brackets were represented by the following values: 

 

 1 = “16-20”, 

 2 = “21-25”, 

 3 = “26-30”, 

 4 = “31-35”, 

 5 = “36-40”, 

 6 = “41-45”, 

 7 = “46-50”, and 

 8 = “51 or above” 
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Furthermore, since a factor had a number of questions representing it, a total for 

each factor’s response was also calculated. For example, there were a total of 5 

questions that represented perceived usefulness in the questionnaire, that is, 

questions 8, 9, 10, 17, and 30 were labelled PU1, PU2, PU3, PU4, and PU5 

respectively (see Appendix). A total represented by PUtotal (Transform  

Compute Variable) was calculated, that is, the sum of PU1 + PU2 + PU3 + PU4 + 

PU5. An average of these values was then stored in PUaverage, that is, PUtotal/5 

given that there were a total of 5 items in the questionnaire that represented 

perceived usefulness. Similarly, this process was repeated for other factors and 

questions in the survey. This resulted in average continuous values for each factor 

in order to perform the necessary analysis taking the factor as a whole rather than 

for each factor question separately and so that analyses could be performed 

accurately. 
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Figure 3-1 The proposed research model 
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Figure 3-2 Proposed research model with parameters 
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3.1 DEFINING THE RESEARCH 

HYPOTHESES  

If an individual believes smartwatches are free of physical or mental effort 

then they are also likely to assume that it will increase their job 

performance. 

 

Therefore, 

H1: Perceived ease of use will have a positive influence on perceived 

usefulness.  

  

 

If people are convinced that smartwatches enhance job performance and that 

using smartwatches saves or minimizes physical or mental effort, then they 

are more likely to embrace it. 

 

Therefore, 

H2a: Perceived usefulness positively influences technology 

readiness.  

H2b: Perceived ease of use positively influences technology 

readiness.  

 

 

If an individual believes that performing a behaviour is free of physical or 

mental effort and that it improves job performance, they are more intent on 

performing that behaviour. Similarly, in this case, where the behavioural 

intention is using the smartwatch, if individuals think that using the 

smartwatch improves job performance and that its usage is free of physical 

or mental effort, they are likely to use it more often. 

 

Therefore, 
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H3a: Perceived usefulness has a positive influence on behavioural 

intention.  

H3b: Perceived ease of use has a positive influence on behavioural 

intention.  

 

 

Social influence especially people important to an individual or the ones 

that he chooses to surround himself with can affect a person’s belief on 

whether smartwatches are useful or not. Just like it can change the person’s 

decision to perform that behaviour. The behaviour here can be defined as 

buying or using the smartwatch. 

 

Therefore, 

H4a: Subjective norm has a direct influence on perceived usefulness.  

H4b: Subjective norm has a direct influence on behavioural 

intention. 

 

 

If people find something aesthetically pleasing, they are drawn towards it 

and it is likely to affect their intention to buy it. Likewise, people are likely 

to own smartwatches that look good. 

 

Therefore,  

H5: Perceived visual attractiveness has a positive impact on 

behavioural intention. 

 

 

People are less likely to embrace new technology if it increases their 

chances of getting robbed especially if it’s expensive. Correspondingly, 

people afraid of getting robbed are less likely to use smartwatches regularly 

especially in public as such devices are likely to attract attention.  
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Therefore, 

H6a: Fear of theft has a negative influence on technology readiness. 

H6b: Fear of theft has a negative influence on behavioural intention. 

 

 

People are more prone to buying and using things if it is from a brand they 

trust or like. It is either because of the brand’s accomplished reputation for 

producing great quality products or that people have an experience of using 

that particular brand’s product. Also, it is generally assumed to be safer 

especially if a product is expensive or something new that the person has 

not tried before, it is a better buy if the product is from a reputable brand or 

a brand they trust. So specifically, people are likely to buy a smartwatch if 

it is from a brand they trust/like. 

 

Hence, 

H7: Brand loyalty has a positive influence on behavioural intention.  

 

 

Overall, the hypotheses that define the relationships in Figures 3-1 and 3-2 

are: 

H1: Perceived ease of use will have a positive influence on perceived 

usefulness.  

 

H2a: Perceived usefulness positively influences technology 

readiness.  

 

H2b: Perceived ease of use positively influences technology 

readiness.  
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H3a: Perceived usefulness has a positive influence on behavioural 

intention.  

 

H3b: Perceived ease of use has a positive influence on behavioural 

intention.  

 

H4a: Subjective norm has a direct influence on perceived usefulness.  

 

H4b: Subjective norm has a direct influence on behavioural 

intention. 

 

H5: Perceived visual attractiveness has a positive impact on 

behavioural intention. 

 

H6a: Fear of theft has a negative influence on technology readiness. 

 

H6b: Fear of theft has a negative influence on behavioural intention. 

 

H7: Brand loyalty has a positive influence on behavioural intention.  
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Chapter 4 

Data Analysis 

 

4. DATA ANALYSIS 

 

Analysis of data gathered from the survey responses was conducted using 

International Business Machines’ (IBM) Statistical Package for the Social 

Sciences (SPSS) Statistics software Version 22.  

 

First, a basic analysis of the total 1146 responses was performed which 

represented the given information in terms of their percentage (Analyze  

Descriptive Statistics  Frequencies). Table 4-1 shows the results with the 

majority, that is, 69.9% of the respondents being male. The 21-25 age 

bracket managed to attain the highest number of responses representing 42% 

of the sample demographics. 43.5% (around 500) of the respondents 

belonged from Pakistan which proves to be valuable for this research being 

its primary focus.   
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Table 4-1 Survey responses in terms of percentage 

VARIABLES CHARACTERISTICS % 

Sex 
Male 69.9 

Female 29.5 

Age 

16-20 26.1 

21-25 42.0 

26-30 15.9 

31-35 7.4 

36-40 4.0 

41-45 .6 

46-50 1.7 

51 or above 2.3 

Country 
Pakistan 43.5 

Other 56.5 

 

A crosstabulation of respondents with respect to the age brackets they fall 

in and their sex is given in Table 4-2 (Analyze  Descriptive Statistics  

Crosstabs, where in the Cells option percentages of column were selected). 

Which shows that 70% respondents were male and almost 30% were female. 

The dominating responses, that is, 41.7% were from the 21-25 age group 

with a total 38.2% male respondents and female make up 50% of the total 

female respondents. Complete details and exact figures can be seen in Table 

7-2. 

 

 

 



Page 81 of 155 
 

 

Table 4-2 A crosstabulation of the survey responses. 

Age 
Sex 

Total 
Male Female 

16-20 25.2% 28.8% 26.3% 

21-25 38.2% 50.0% 41.7% 

26-30 17.9% 11.5% 16.0% 

31-35 8.1% 5.8% 7.4% 

36-40 4.9% 1.9% 4.0% 

41-45 0.8% 0.0% 0.6% 

46-50 1.6% 1.9% 1.7% 

51 or above 3.3% 0.0% 2.3% 

    

 

 

 

The survey responses were further analysed with respect to the countries 

they belonged to. 499, that is, 43.5% of the responses were from Pakistan, 

approximately 13% were from USA, 4% from UK, and 2.8% from Australia 

and  4.3% from Canada respectively. Further detailed figures are shown in 

Table 4-3. 

 

Table 4-3 Data of survey responses with respect to different countries 

COUNTRY % 

Pakistan 43.5 

Afghanistan 2.6 

Albania .6 

Algeria 1.1 

Andorra .6 
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Argentina 1.1 

Australia 2.8 

Azerbaijan 1.1 

Bangladesh 3.6 

Belgium .6 

Belize .6 

Bulgaria .6 

Canada 4.3 

Chile .6 

China .6 

Colombia .6 

Czech Republic .6 

Finland .6 

France .6 

Germany 1.7 

India 2.6 

Indonesia .6 

Italy .6 

Lebanon .6 

Malaysia 1.1 

Nigeria .6 

Norway .6 

Romania .6 

Saudi Arabia .6 

Spain .6 

United Arab Emirates 

(UAE) 
.6 

United Kingdom (UK) 4.0 
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United States of America 

(USA) 
13.1 

TOTAL 100.0 

 

 

Figure 4-1 A pie chart representing the age groups of survey repondents. 

 

Figure 4-2 Pie chart showing male to female ratio of survey respondents 
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Figure 4-3 A pie chart representation of survey responses from different countries 

 

 

The pie charts in Figures 4-1, 4-2, and 4-3 represent age groups, sex, and 

countries respectively of the overall survey responses generated via SPSS 

(Analyze  Descriptive Statistics  Frequencies  Charts). 

 

As mentioned before, the primary emphasis of this research is data obtained 

from Pakistan, that is to say, smartwatch acceptance and adoption in people 

belonging to Pakistan. Therefore, responses from Pakistan that amounted up 

to a total of 499 were then processed to determine the required figures and 

for the data analysis. 

 

Table 0-4 Survey responses from Pakistan in terms of percentage 

VARIABLES CHARACTERISTICS % 

Sex 
Male 69.5 

Female 30.5 

Age 
16-20 27.4 

21-25 45.3 
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26-30 11.6 

31-35 8.4 

36-40 2.1 

41-45 1.1 

46-50 1.1 

51 or above 3.2 

 

 

As seen in Table 4-4, again the majority of the respondents from Pakistan 

were male representing 69.5% of the sample demographics of around 500. 

And comparatively more respondents belonged to the 21-25 age group 

which represented 45.3%. 

 

 

Pie charts shown in Figures 4-4, 4-5, and 4-6 represent the percentage of 

respondent’s data with respect to age bracket, sex, and profession 

respectively. The majority of responses are from the 21-25 age group 

category, majority are male respondents, and most of them are students 

representing 31.7% of the total. 
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Figure 4-4 A pi chart chart representing the percentage of age groups in survey 

responses from Pakistan 

 

 

 

 
 

Figure 4-5 Pie chart representing the percentage of male and female survey respondents 

from Pakistan 
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Figure 4-6 Pie chart representing the different professions of survey respondents from 

Pakistan 

 

 

A summary of the responses belonging to Pakistan can be seen in Table 4-

6 performed in SPSS (from the menu bar Analyze  Regression  Ordinal, 

where all questions were taken as factors and age or sex as dependent) where 

each question based on the five point Likert scale is divided into its 

respective representative factors. N represents the number of responses for 

each question from strongly agree to strongly disagree, and the percentage 

of responses is also calculated and shown alongside. 

 

Table 4-5 Summary of responses from Pakistan 

 

  Percentage 

PU1 Strongly Agree  25.3% 
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Agree  35.8% 

Neutral  24.2% 

Disagree  10.5% 

Strongly Disagree  4.2% 

PU2 Strongly Agree  17.9% 

Agree  29.5% 

Neutral  21.1% 

Disagree  21.1% 

Strongly Disagree  10.5% 

PU3 Strongly Agree  12.6% 

Agree  20.0% 

Neutral  20.0% 

Disagree  30.5% 

Strongly Disagree  16.8% 

PU4 Strongly Agree  10.5% 

Agree  32.6% 

Neutral  30.5% 

Disagree  25.3% 

Strongly Disagree  1.1% 

PU5 Strongly Agree  20.0% 

Agree  37.9% 

Neutral  25.3% 

Disagree  13.7% 

Strongly Disagree  3.2% 

PEOU1 Strongly Agree  6.3% 

Agree  11.6% 

Neutral  35.8% 

Disagree  37.9% 

Strongly Disagree  8.4% 

PEOU2 Strongly Agree  25.3% 

Agree  50.5% 

Neutral  20.0% 

Disagree  3.2% 

Strongly Disagree  1.1% 

PEOU3 Strongly Agree  25.3% 

Agree  34.7% 

Neutral  27.4% 

Disagree  10.5% 

Strongly Disagree  2.1% 

PEOU4 Strongly Agree  16.8% 

Agree  36.8% 

Neutral  24.2% 
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Disagree  18.9% 

Strongly Disagree  3.2% 

PEOU5 Strongly Agree  9.5% 

Agree  44.2% 

Neutral  33.7% 

Disagree  10.5% 

Strongly Disagree  2.1% 

PEOU6 Strongly Agree  33.7% 

Agree  40.0% 

Neutral  16.8% 

Disagree  6.3% 

Strongly Disagree  3.2% 

TR1 Strongly Agree  31.6% 

Agree  49.5% 

Neutral  9.5% 

Disagree  9.5% 

TR2 Strongly Agree  23.2% 

Agree  47.4% 

Neutral  23.2% 

Disagree  5.3% 

Strongly Disagree  1.1% 

TR3 Strongly Agree  8.4% 

Agree  13.7% 

Neutral  38.9% 

Disagree  26.3% 

Strongly Disagree  12.6% 

TR4 Strongly Agree  10.5% 

Agree  20.0% 

Neutral  22.1% 

Disagree  30.5% 

Strongly Disagree  16.8% 

TR5 Strongly Agree  13.7% 

Agree  20.0% 

Neutral  29.5% 

Disagree  27.4% 

Strongly Disagree  9.5% 

SN1 Strongly Agree  20.0% 

Agree  51.6% 

Neutral  20.0% 

Disagree  7.4% 

Strongly Disagree  1.1% 

SN2 Strongly Agree  16.8% 
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Agree  23.2% 

Neutral  27.4% 

Disagree  16.8% 

Strongly Disagree  15.8% 

PVA1 Strongly Agree  5.3% 

Agree  23.2% 

Neutral  23.2% 

Disagree  34.7% 

Strongly Disagree  13.7% 

PVA2 Strongly Agree  6.3% 

Agree  17.9% 

Neutral  26.3% 

Disagree  34.7% 

Strongly Disagree  14.7% 

PVA3 Strongly Agree  21.1% 

Agree  51.6% 

Neutral  21.1% 

Disagree  6.3% 

PVA4 Strongly Agree  16.8% 

Agree  29.5% 

Neutral  41.1% 

Disagree  11.6% 

Strongly Disagree  1.1% 

FOT1 Strongly Agree  20.0% 

Agree  38.9% 

Neutral  24.2% 

Disagree  14.7% 

Strongly Disagree  2.1% 

FOT2 Strongly Agree  22.1% 

Agree  33.7% 

Neutral  27.4% 

Disagree  11.6% 

Strongly Disagree  5.3% 

BL1 Strongly Agree  12.6% 

Agree  34.7% 

Neutral  34.7% 

Disagree  14.7% 

Strongly Disagree  3.2% 

BL2 Strongly Agree  9.5% 

Agree  18.9% 

Neutral  35.8% 

Disagree  29.5% 
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Strongly Disagree  6.3% 

BI1 Strongly Agree  44.2% 

Agree  38.9% 

Neutral  10.5% 

Disagree  5.3% 

Strongly Disagree  1.1% 

BI2 Strongly Agree  12.6% 

Agree  22.1% 

Neutral  57.9% 

Disagree  6.3% 

Strongly Disagree  1.1% 

BI3 Strongly Agree  4.2% 

Agree  14.7% 

Neutral  41.1% 

Disagree  27.4% 

Strongly Disagree  12.6% 

BI4 Strongly Agree  25.3% 

Agree  41.1% 

Neutral  22.1% 

Disagree  10.5% 

Strongly Disagree 
 1.1% 

Valid  100.0% 

Missing  0 

Total (N)  499 

 
 

 

The descriptive statistics for factors of the proposed research model is given 

in Table 4-6, which consists of the mean and standard deviation of the 30 

questions with regard to the 499 responses from Pakistan gathered for the 

survey (Analyze  Descriptive Statistics  Descriptives). The standard 

deviations range from 0.815 to 1.310.  

 

Mean can be calculated using the formula: 
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�̅� =
(∑𝑥)

𝑛
 

Where x bar represents the mean, x is the value and n is the number of those 

values. The mean value shows the average responses for a given question. 

For example, a mean of 2.33 represents that agreement on the five point 

Likert scale that is specified. 

 

And, standard deviation is calculated using the formula:  

𝑆𝐷 = √
∑(𝑥 − �̅�)2

𝑛 − 1
 

A large standard deviation signifies greater variability, that is, less 

concentrated around the mean, while a smaller standard deviation signifies 

less variability therefore more concentrated around the mean. If the standard 

deviation or variance is equal to 1 then it means that all values are identical. 

It is due to the squaring that the variance is not expressed in the same unit 

or scale as the data where the scale in variance becomes larger therefore the 

standard deviation is more suitable option. 

 

 
Table 4-6 Descriptive statistics 

 

 Mean Std. Deviation N 

PU1 2.33 1.096 499 

PU2 2.77 1.267 499 

PU3 3.19 1.291 499 

PU4 2.74 .992 499 

PU5 2.42 1.058 499 

PEOU1 3.31 1.001 499 

PEOU2 2.04 .824 499 

PEOU3 2.29 1.030 499 
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PEOU4 2.55 1.079 499 

PEOU5 2.52 .886 499 

PEOU6 2.05 1.025 499 

TR1 1.97 .893 499 

TR2 2.14 .870 499 

TR3 3.21 1.100 499 

TR4 3.23 1.250 499 

TR5 2.99 1.189 499 

SN1 2.18 .875 499 

SN2 2.92 1.310 499 

PVA1 3.28 1.127 499 

PVA2 3.34 1.126 499 

PVA3 2.13 .815 499 

PVA4 2.51 .944 499 

FOT1 2.40 1.036 499 

FOT2 2.44 1.118 499 

BL1 2.61 .992 499 

BL2 3.04 1.061 499 

BI1 1.80 .906 499 

BI2 2.61 .829 499 

BI3 3.29 1.009 499 

BI4 2.21 .977 499 

 

 

4.1 CRONBACH’S ALPHA 

 

To test the reliability, that is, internal consistency of the factors, the 

Cronbach’s Alpha was calculated. A measure that shows the closeness of 

the relationship between a group of elements. Values of Cronbach’s alpha 

for each factor as well as all factors is shown in Table 4.1-1 calculated via 

SPSS (from the menu bar Analyze  Scale  Reliability Analysis). The 
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overall value being greater than 0.8 denotes a good internal consistency of 

the items in the scale (Gliem & Gliem, 2003). 

 

 

Table 0-1 Reliability statistics 

 

Scale 

 

Cronbach's 

Alpha 

 

 

N of Items 

 

Perceived Usefulness (PU) 0.428 5 

Perceived Ease of Use (PEOU) 0.656 6 

Technology Readiness (TR) 0.628 5 

Subjective Norm (SN) 0.456 2 

Perceived Visual Attractiveness 

(PVA) 
0.511 4 

Fear of Theft (FOT) 0.613 2 

Brand Loyalty (BL) -0.654 2 

Behavioural Intention (BI) 0.358 4 

TOTAL 0.868 30 

 

 

Values of Cronbach’s alpha reliability coefficient usually range from 0 to 1 

but there is no set lower bound. It is generally considered that if the value of 

the coefficient is nearer to 1.0, the items within the scale have a greater 
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internal consistency. To further elaborate, the value of Cronbach’s alpha 

coefficient greater than 0.9 is considered excellent, greater than 0.8 is good, 

greater than 0.7 is acceptable, greater than 0.6 is questionable, greater than 

0.5 is poor, while less than 0.5 is considered to be unacceptable (Gliem & 

Gliem, 2003). The formula of Cronbach’s alpha is: 

 

𝛼 =
𝑛

𝑛 − 1
(1 −

∑𝑉𝑖

𝑉𝑇
) 

Where n is the number of items, Vi is the variance of the item scores, and VT 

is the variance of the total scores. 

 

 
 

4.2 PEARSON CORRELATION 

COEFFICIENT 

 

Correlation is defined as a relationship between two variables such that they 

fluctuate together. A positive correlation can either be when one variable 

increases so does the other or when one variable decreases so does the other. 

While a negative correlation is when one variable increases and the other 

variable decreases or vice versa. 

 

The Pearson correlation coefficient is represented by ‘r’: 

𝑟 =
∑𝑥𝑦 −

(∑𝑥)(∑𝑦)
𝑛

√(∑𝑥2 −
(∑𝑥)2

𝑛
) (∑𝑦2 −

(∑𝑦)2

𝑛
)

 



Page 96 of 155 
 

Where n is the number of pairs of scores, ∑𝑥𝑦 is the sum of the product of 

the scores, ∑𝑥 is the sum of scores for x and ∑𝑦 is the sum of scores for y, 

∑𝑥2 is the sum of squared x scores and ∑𝑦2 is the sum of squared y scores. 

 It is used to measure the direction and degree of relatedness between a 

couple of continuous variables. The value for this coefficient ranges from -

1.00 to +1.00 where the closer the value is to absolute 1.00 the greater the 

extent of relatedness, that is, the variables are strongly related. A rule of the 

thumb being, values of r > 0.50 specify a strong correlation, values of r 

around 0.30 specify moderate correlation, and values of r < 0.20 specify a 

weak correlation. Also, the correlation of any variable with itself equals to 

1 because the correlation between the said variable and itself is perfect 

(Arkkelin, 2014). 

 

The sign ‘+’ or ‘–’ in the coefficient’s value indicates the direction of the 

relationship whether it is positively correlated or negatively correlated 

(Arkkelin, 2014). 

 

This method also tests the statistical significant relationship between given 

variables which approximates to a linear one, meaning whether the 

relationship is real or whether the variables have a pattern amongst them 

that is due to simple chance, meaning, the variables are statistically 

independent (not significantly related). This is determined by the 

probability associated with this coefficient (p). It is generally assumed by 

researchers that a probability of less than or equal to 0.05 states that the 

relationship is statistically significant meaning real and not due to chance. 

In other words, a probability less than or equal to 0.05 results in the 

acceptance of the proposed hypothesis (relationship is significant). And if 

the probability is greater than 0.05 then the proposed hypothesis is rejected 
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(relationship is due to chance also known as the null hypothesis, H0, which 

is then retained) (Arkkelin, 2014). 

 

4.3 HYPOTHESIS TESTING 

 

The Pearson correlation coefficient (r) was then calculated along 

with the probability (p) associated with it, using SPSS for each 

hypothesis stated previously (Analyze  Correlate  Bivariate): 

 

H1: Perceived ease of use will have a positive influence on perceived 

usefulness.  

 

Perceived usefulnessPerceived ease of use
+0.603

(0.000)

 

Figure 0-1 H1 hypothesis with values r = +0.603 and p = 0.000 in 

parenthesis 

 

As shown in Figure 4.2.1-1, the value of p being less than 0.05 

indicates that the relationship is significant and not the result of 

chance. Value of r being greater than 0.50, that is, 0.603, specifies a 

strong correlation and that value being positive makes it a strong 

positive correlation. Thus, the proposed hypothesis H1 is accepted. 

 

 

H2a: Perceived usefulness positively influences technology 

readiness.  
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Technology readinessPerceived usefulness
+0.396

(0.000)

 

Figure 0-2 H2a hypothesis with values r = +0.396 and p = 0.000 in 

parenthesis 

 

As shown in Figure 4.2.1-2, the value of p being less than 0.05 

indicates that the relationship is significant and not the result of 

chance. Value of r being around 0.30, that is, 0.396, specifies a 

moderate correlation and that value being positive makes it a positive 

correlation. Thus, the proposed hypothesis H2a is accepted. 

 

 

H2b: Perceived ease of use positively influences technology 

readiness.  

 

Technology readinessPerceived ease of use
+0.412

(0.000)

 

Figure 0-3 H2b hypothesis with values r = +0.412 and p = 0.000 in 

parenthesis 

 

As shown in Figure 4.2.1-3, the value of p being less than 0.05 

indicates that the relationship is significant and not the result of 

chance. Value of r being around 0.30, that is, 0.412, specifies a 

moderate correlation and that value being positive makes it a positive 

correlation. Thus, the proposed hypothesis H2b is accepted. 

 

 

H3a: Perceived usefulness has a positive influence on behavioural 

intention.  
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Behavioural intentionPerceived usefulness
+0.457

(0.000)

 

Figure 0-4 H3a hypothesis with values r = +0.457 and p = 0.000 in 

parenthesis 

 

As shown in Figure 4.2.1-4, the value of p being less than 0.05 

indicates that the relationship is significant and not the result of 

chance. Value of r being around 0.30, that is, 0.457, specifies a 

moderate correlation and that value being positive makes it a positive 

correlation. Thus, the proposed hypothesis H3a is accepted. 

 

 

H3b: Perceived ease of use has a positive influence on behavioural 

intention.  

 

Behavioural intentionPerceived ease of use
+0.578

(0.000)

 

Figure 0-5 H3b hypothesis with values r = +0.578 and p = 0.000 in 

parenthesis 

 

As shown in Figure 4.2.1-5, the value of p being less than 0.05 

indicates that the relationship is significant and not the result of 

chance. Value of r being greater than 0.50, that is, 0.578, specifies a 

strong correlation and that value being positive makes it a strong 

positive correlation. Thus, the proposed hypothesis H3b is accepted. 
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H4a: Subjective norm has a direct influence on perceived usefulness.  

 

Perceived usefulnessSubjective norm
+0.445

(0.000)

 

Figure 0-6 H4a hypothesis with values r = +0.445 and p = 0.000 in 

parenthesis 

 

As shown in Figure 4.2.1-6, the value of p being less than 0.05 

indicates that the relationship is significant and not the result of 

chance. Value of r being around 0.30, that is, 0.445, specifies a 

moderate correlation and that value being positive makes it a positive 

correlation. Thus, the proposed hypothesis H4a is accepted. 

 

 

 

 

 

 

H4b: Subjective norm has a direct influence on behavioural 

intention. 

 

Behavioural intentionSubjective norm
+0.530

(0.000)

 

Figure 0-7 H4b hypothesis with values r = +0.530 and p = 0.000 in 

parenthesis 

 

As shown in Figure 4.2.1-7, the value of p being less than 0.05 

indicates that the relationship is significant and not the result of 

chance. Value of r being greater than 0.50, that is, 0.530, specifies a 
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strong correlation and that value being positive makes it a strong 

positive correlation. Thus, the proposed hypothesis H4b is accepted. 

 

 

H5: Perceived visual attractiveness has a positive impact on 

behavioural intention. 

 

Behavioural intention
Perceived visual 

attractiveness

+0.521

(0.000)

 

Figure 0-8 H5 hypothesis with values r = +0.521 and p = 0.000 in 

parenthesis 

 

As shown in Figure 4.2.1-8, the value of p being less than 0.05 

indicates that the relationship is significant and not the result of 

chance. Value of r being greater than 0.50, that is, 0.521, specifies a 

strong correlation and that value being positive makes it a strong 

positive correlation. Thus, the proposed hypothesis H5 is accepted. 

 

 

 

 

H6a: Fear of theft has a negative influence on technology readiness. 

 

Technology readinessFear of theft
+0.156

(0.132)

 

Figure 0-9 H6a hypothesis with values r = +0.156 and p = 0.132 in 

parenthesis 
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As shown in Figure 4.2.1-9, the value of p being greater than 0.05 

indicates that the relationship is the result of chance and the variables 

are statistically independent. Value of r being less than 0.20, that is, 

0.156, specifies a weak correlation and the positive sign indicates a 

positive correlation. Thus, the proposed hypothesis H6a is rejected. 

 

 

H6b: Fear of theft has a negative influence on behavioural intention. 

 

Behavioural intentionFear of theft
+0.298

(0.003)

 

Figure 0-10 H6b hypothesis with values r = +0.298 and p = 0.003 in 

parenthesis 

 

As shown in Figure 4.2.1-10, the value of p being less than 0.05 

indicates that the relationship is significant and not the result of 

chance. Value of r being around 0.30, that is, 0.298, specifies a 

moderate correlation and that value being positive makes it a positive 

correlation. Although the relationship is significant and there is a 

moderate correlation between fear of theft and behavioural intention, 

the positive correlation contradicts the negative influence proposed 

in the hypothesis, therefore the hypothesis H6b is rejected. 

 

 

 

 

H7: Brand loyalty has a positive influence on behavioural intention.  
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Behavioural intentionBrand loyalty
+0.360

(0.000)

 

Figure 0-11 H7 hypothesis with values r = +0.360 and p = 0.000 in 

parenthesis 

 

As shown in Figure 4.2.1-11, the value of p being less than 0.05 

indicates that the relationship is significant and not the result of 

chance. Value of r being around 0.30, that is, 0.396, specifies a 

moderate correlation and that value being positive makes it a positive 

correlation. Thus, the proposed hypothesis H7 is accepted. 

 

 

4.4 INDEPENDENT-SAMPLES T-TEST 

 

A t-test is used to determine difference in score amongst two groups, that 

is, whether it was due to the manipulation of a variable that caused the 

difference in means between the groups or was it just due to chance. The 

null hypothesis, H0, in this case is that difference between the two groups 

taken into consideration are not significant and are the result of chance, 

making the manipulation ineffective and means of both the groups equal 

(Arkkelin, 2014). 

 

In this research, the independent samples t-test was used to determine 

difference between the male and female responses when it comes to the 

factors taken into account in the proposed model for the smartwatch. For 

example, the difference in response between males and females regarding 

the perceived usefulness of the smartwatch. Whether they had the same 
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response to the smartwatch improving job performance or was there a 

difference in opinion. 

 

The formula for the independent-samples t-test is: 

𝑡 =
�̅�1 − �̅�2

√(
𝑁1𝑠1

2 + 𝑁2𝑠2
2

𝑁1 + 𝑁2 − 2
) (

𝑁1 + 𝑁2

𝑁1𝑁2
)

 

Where, x1 bar and x2 bar represent means for the two groups, N1 and N2 are 

the number of participants in group 1 and group 2 respectively, and s1
2 and 

s2
2

 are the variance for each of the two groups, where sample variance is 

calculated using the formula (standard deviation being the square root of 

variance): 

𝑠2 =
∑(𝑥 − �̅�)2

𝑛 − 1
 

Where x represents the obtained score, x bar the mean score, and n is the 

number of scores. 

 

The independent-samples t-test was performed on the survey responses data 

belonging to Pakistan using SPSS (Analyze  Compare Means  

Independent-Samples T Test, where test variables were the average of 

factors and grouping variable was sex). The groups were defined as 1 

representing male and 2 representing female. 

 

Table 4.3-1 shows the results of the t-test performed on SPSS. The column 

Levene's Test for Equality of Variances helps identify whether the variance 

in the two groups (male and female) are equal. The F value and its 
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probability is shown in adjacent column labelled Sig. If the probability 

value of F is less than or equal to 0.05 then the variances of the compared 

groups are different meaning are not identical or homogenous. This 

information tells us to use the row of equal variances not assumed in the 

table. If the Sig. value of F is greater than 0.05 then the results in the row 

equal variances assumed are considered. Then, in that row we look at the t-

value and its probability in the column adjacent to t, labelled Sig. If that 

probability of t is > 0.05 then we conclude that there was no significant 

difference between the opinion of male and female respondents regarding 

the perceived usefulness of smartwatches, that is, H0 is retained (Arkkelin, 

2014). 

 

As can be seen in Table 4.3-1, the results that have been taken into account 

for each factor (responses to question representing the same factor were 

averaged) have been highlighted. For PU the Sig. value for F is 0.105 which 

is greater than 0.05, we use the results in the equal variances assumed row. 

As the probability of the t-value, Sig. is 0.238 which is greater than 0.05 we 

conclude that there was no significant difference in responses between male 

and female participants regarding the perceived usefulness of the 

smartwatch. That is, the responses were identical and the result of chance.  

 

Table 0-2 Independent-samples t-test 

Average 

(of) 

Levene's Test for 

Equality of Variances 

 

F Sig. t Sig.  

PU Equal variances 

assumed 
2.686 .105 1.188 .238 

Equal variances 

not assumed 
  1.303 .197 

PEOU Equal variances 

assumed 
3.533 .063 -.313 .755 
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Equal variances 

not assumed 
  -.350 .727 

TR Equal variances 

assumed 
.112 .738 -1.412 .161 

Equal variances 

not assumed 
  -1.436 .157 

SN Equal variances 

assumed 
.338 .562 -.155 .877 

Equal variances 

not assumed 
  -.157 .876 

PVA Equal variances 

assumed 
1.275 .262 -1.719 .089 

Equal variances 

not assumed 
  -1.943 .056 

FOT Equal variances 

assumed 
.943 .334 .903 .369 

Equal variances 

not assumed 
  .986 .328 

BL Equal variances 

assumed 
3.520 .064 -.541 .590 

Equal variances 

not assumed 
  -.623 .535 

BI Equal variances 

assumed 
7.544 .007 -1.067 .289 

Equal variances 

not assumed 
  -1.335 .185 

      

 

Similarly, for PEOU, the Sig. value for F is 0.063 which is greater than 

0.05, we use the results in the equal variances assumed row. As the 

probability of the t-value, Sig. is 0.755 which is greater than 0.05 we 

conclude that there was no significant difference in responses between male 

and female participants regarding the perceived ease of use of 

smartwatches. 

 

For TR, the Sig. value for F is 0.738 which is greater than 0.05, we use the 

results in the equal variances assumed row. As the probability of the t-value, 
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Sig. is 0.161 which is greater than 0.05 we conclude that there was no 

significant difference in responses between male and female participants 

regarding the technology readiness of the smartwatch. 

 

SN has the Sig. value for F equal to 0.562 which is greater than 0.05, 

therefore we use the results in the equal variances assumed row. As the 

probability of the t-value, Sig. is 0.877 which is greater than 0.05 we 

conclude that there was no significant difference in responses between male 

and female participants regarding the subjective norm factor of the 

smartwatch. 

 

PVA has the Sig. value for F equal to 0.262 which is greater than 0.05, 

therefore we use the results in the equal variances assumed row. As the 

probability of the t-value, Sig. is 0.089 which is greater than 0.05 we 

conclude that there was no significant difference in responses between male 

and female participants regarding the perceived visual attractiveness of the 

smartwatch. 

 

FOT has the Sig. value for F equal to 0.334 which is greater than 0.05, 

therefore we use the results in the equal variances assumed row. As the 

probability of the t-value, Sig. is 0.369 which is greater than 0.05 we 

conclude that there was no significant difference in responses between male 

and female participants regarding the fear of theft of smartwatches. 

 

BL has the Sig. value for F equal to 0.064 which is greater than 0.05, 

therefore we use the results in the equal variances assumed row. As the 

probability of the t-value, Sig. is 0.590 which is greater than 0.05 we 

conclude that there was no significant difference in responses between male 
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and female participants regarding the brand loyalty factor of the 

smartwatch. 

 

Lastly, BI has the Sig. value for F equal to 0.007 which is less than 0.05, 

therefore we use the results in the equal variances not assumed row. As the 

probability of the t-value, Sig. is 0.185 which is greater than 0.05 we 

conclude that there was no significant difference in responses between male 

and female participants regarding the behavioural intention to use or buy 

the smartwatch. 

 

To conclude the results of the independent-samples t-test, there was no such 

difference between the responses of male and female participants regarding 

the factors considered with respect to the smartwatch. Both had almost 

identical responses except for when behavioural intention was considered 

but the difference was not significant was only due to chance. So we can 

say that there is no significant difference in the responses of males or 

females in the PU, PEOU, TR, SN, PVA, FOT, BL, or BI factors of the 

smartwatch. 

4.5 ONE-WAY ANOVA 

 

Where the t-test was used to determine significant differences between two 

groups, the ANOVA (Analysis of Variance) test can be used similarly but 

for three or more groups (Arkkelin, 2014). In the previous scenario, we 

testing for significant difference between male and female respondents, 

here ANOVA is used to test for significant difference between age groups 

which amount to more than two in number. 
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As discussed earlier, the survey consisted of a total of eight age brackets 

namely, 16-20, 21-25, 26-30, 31-35, 36-40, 41-45, 46-50, and 51 or above, 

labelled 1, 2, 3, 4, 5, 6, 7, and 8 respectively. To calculate the significant 

difference amongst these groups, that is, whether the difference in responses 

regarding the factors was due to chance or whether it was significant. Again, 

if the value of p (Sig. in this case) is less than or equal to 0.05, the null 

hypothesis, H0, is rejected that states there is no difference (Arkkelin, 2014). 

 

The Table 4.4-1, shows the results of the one-way ANOVA performed on 

SPSS (Analyze  Compare Means  One-Way ANOVA, where age 

bracket was the factor and the dependent list consisted of average of each 

of the proposed model factors). As can be seen all values of the probability 

for each of the factors are greater than 0.05, retaining H0, indicating no 

significant difference in the variability of responses for the considered 

factors of the smartwatch between the age groups. As a result, there is no 

significant difference in the responses of different age groups in the PU, 

PEOU, TR, SN, PVA, FOT, BL, or BI factors of the smartwatch. 

  

Table 0-3 One-Way ANOVA results performed on SPSS 

Average 

(of) 

 

Sig. 

 

PU                  Between groups 0.737 

PEOU             Between groups 0.699 

TR                  Between groups 0.876 
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SN                  Between groups 0.738 

PVA               Between groups 0.540 

FOT                Between groups 0.234 

BL                  Between groups 0.731 

BI                   Between groups 0.490 

 

 

 

 

 

 

 

Chapter 5 



Page 111 of 155 
 

Measurement / Classification 

of results using Fuzzy 

Methods 

 

 

5. Measurement / Classification of results using 

Fuzzy Methods  

 

In this chapter we use the results obtained in the previous chapter to classify and 

measure the importance of each factor tested for acceptance and propose a new 

model on the basis of this classification. 

In this chapter we have used a fuzzy (Burney, Ali, & Mahmood, Fuzzy-

temporal database ontology and relational database model, 2012) random 

forest, a novel machine learning procedure for positioning the significance of 

components in high-dimensional grouping and regression issues. A fuzzy 

forest is uncommonly intended to give moderately equitable rankings of 

variable significance within the sight of exceedingly correlated elements. We 

present our usage of fuzzy forest in the R package. Fuzzy forest works by 

exploiting the system structure between elements. To start with, the 

components are apportioned into particular modules to such an extent that the 

relationship inside modules is high and the correlation among the modules is 

low. The fuzzy forest package takes into account simple utilization 

(Bonissone, Cadenas, Garrido, D´ıaz-Valladares, & Mart´ınez, 2012) of 

Weighted Gene Co expression Network Analysis (WGCNA) (Abbas & 

Burney, A Survey of Software Packages Used for Rough Set Analysis, 2016) 

to frame modules of elements with the end goal that the modules are generally 

uncorrelated. At that point recursive element eradication random forests are 
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utilized on every module, independently. From the surviving elements, a last 

collection is chosen and ranked. The output of the system give the ranking of 

the elements according to variable importance’s whose size is pre-indicated 

by the normal users. The chose components can then be utilized to build a 

prescient model. 

 

5.1 Classification 

 

Classification has always been a stimulating problem. Here have been numerous 

methods and calculations tending to the classification issue. Over the most recent 

couple of existences we have likewise observed an expansion of various classifier 

frameworks based methodologies, which have been appeared to convey preferred 

outcomes over individual classifiers. In any case, blemished data unavoidably 

shows up in reasonable spaces and circumstances. Instrument blunders or 

debasement from commotion amid examinations may offer ascent to data with 

deficient information when evaluating a particular quality. 

 In further circumstances, the abstraction of precise info may be exceptionally 

costly or impracticable. In addition, it might now and again be helpful to utilize 

extra data from a specialist, which is normally given through fluffy ideas of the 

sort: little, pretty much, close to, and so on. In most true issues, information has a 

specific level of imprecision. Here and there, this imprecision is sufficiently little 

for it to be securely disregarded. On different events, the fuzziness of the 

information can be displayed by a likelihood conveyance. Finally, there is a third 

sort of issue where the fuzziness is huge, and likelihood dispersion is not a 

characteristic model. Along these lines, there are sure down to earth issues where 

the information is inalienably fluffy. (Bonissone, Cadenas, Garrido, D´ıaz-

Valladares, & Mart´ınez, 2012) 

In this way, it winds up plainly basic to coordinate the control of information with 

components which may, thusly, display lost and loose esteems in both the learning 
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and grouping periods of the arrangement systems. In additional, it is alluring that 

such procedures be as hearty as conceivable to clamour in the information. In this 

section, we will concentrate on the most proficient method to begin from a 

numerous classifier framework with execution similar to or superior to the best 

classifiers and stretch out it to deal with flawed data (missing esteems and fluffy 

esteems) and make it vigorous to clamour in ostensible credits and to anomalies in 

numerical properties. To construct the various classifier frameworks, we take after 

the procedure of random forest, and for the preparing of unsatisfactory information; 

we developed the fuzzy decision tree using random forest as base classifier.  In this 

manner, we attempt to utilize the vigour of both the algorithm. In light of it we have 

ranked the entire component based upon the module membership. 

5.1.1 Various Classifiers 

 

 At the point when individual classifiers are consolidated suitably, we more often 

than not get a superior execution as far as grouping exactness and additionally 

rapidity to locate a superior clarification. Multi classifiers are the consequence of 

consolidating a few distinct classifiers. Multi-classifiers contrast among 

themselves by their assorted features  

• Number of individual.  

• Type of the individual classifiers 

• Features of the separations used by every classifiers of the set 

• Contemplation of the decisions 

• Proportions and the behavior (nature) of the preparation sets for the 

classifiers. 

According to Segrera multi-classifiers methods are divided into two groups: 

• Collaborative(Ensemble) Method 

• Fusion(Hybrid) Methods 
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The Ensemble method for example, Bagging and boosting, prompts representations 

that consolidation classifiers with a similar knowledge calculation, while 

presenting changes in the preparation informational index. The Hybrid method for 

example, Stacking, makes new half and half taking in methods from various base 

algorithms. A collaborative usage the forecasts of various base-classifiers, 

regularly through greater part vote or found the middle value of expectation, to 

create a last ensemble-based decision. It predictions regularly have brought down 

speculation blunder amounts than the ones gotten by a solitary model. The 

distinction relies on upon the kind of base-classifiers utilized, gathering size, and 

the differing qualities or relationship among classifiers. And from the Ahm 

research boosting, bagging and random subspaces have gain a lot of research.  

5.2 Multi-classifier Decision Trees based on 

Random Forest  

 

Decision trees (Burney & Abbas, 2015) have been the hotspot for the best critical 

chips away at multi-classifiers frameworks. In like manner, the name of “forest " 

has been given to the prearrangement of trees tackling a comparable portrayal issue. 

In bagging, arranged qualities is gotten by building up each classifier with an 

alternate arrangement of cases, which is acquired from the first preparing set by re-

testing with substitution. Bagging then unites the decisions of the classifiers using 

uniform-weighted voting. Packing improves the execution of solitary classifiers by 

diminishing the change screw up. Breiman sorts sacking decision trees as a 

particular instance of discretionary forest game plan methodologies. A sporadic 

wood is a tree-based gathering that uses some generous of independent 

randomization in the improvement of every distinct classifier. Various varieties of 

stowing and discretionary boondocks with extraordinary portrayal execution have 

been made. Breiman additionally characterizes an irregular timberland as a 

classifiers created by choice trees where each tree "Rt" has been produced from the 

arrangement of information preparing and a vector "vt" of arbitrary numbers 
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indistinguishably circulated and autonomous from the vectors "v1, v2...,vt−1" used 

to create the classifiers "R1, R2, .., Rt−1" . Each tree gives his unitary vote to the 

lion's share class given the passage. 

Examples of random forest are:  

• Randomization.  

• Forest-RI and Forest-RC.  

• Double-bagging.  

According to Hamza “Random Forests are significantly better than Bagging, 

Boosting and a single tree as their error rate is smaller than the best one obtained 

by other methods and they are more robust to noise than the other methods”. 

5.3 Decision Trees and Fuzzy Logic 

 

Decision tree (Abbas & Burney,2016) techniques have turned out to be 

interpretable, productive and equipped for handling with uses of extraordinary 

scale. Be that as it may, they are very shaky when little unsettling influences are 

presented in information learning. The  logic proposals a change in these angles 

because of the flexibility of the fluffy set's formalism. In past work some 

methodologies in which fuzzy sets and their basic estimated thinking capacities 

have been effectively joined with choice trees. This mix has safeguarded the 

benefits of both parts: vulnerability administration with the understandability of 

linguistic factors, and prevalence and simple presentation of decision trees. The 

subsequent trees demonstrate an expanded resistance to commotion, a stretched out 

relevance to dubious or obscure settings, and a sustenance for the understandability 

of the tree structure, which remains the chief portrayal of the resultant learning.  

Fuzzy decision trees have two main modules: 

• A technique for constructing decision trees based on Fuzzy.  

• An interpretation technique for decision-making.  
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Fuzzy decision trees are developed in a top down way by recursive segregating the 

preparation set into subsets. Some specific elements of fuzzy tree learning are: the 

degree of membership of illustrations, the determination of test qualities, the fuzzy 

tests (to decide the degree of membership of elements), and the stop standards 

(other than the exemplary criteria when the measure of the data is under a particular 

edge). The formula for fuzzy forest in R is as follow: 

 

fuzzy_forest(feature_list, final_rf, module_membership, WGCNA_object = 

NULL, 

  survivor_list, selection_list) 
 

Attributes Details 

feature_list 
List of selected features along with 

variable importance measures. 

final_rf 
A final random forest fit using the features 

selected by fuzzy forests. 

module_membership Module membership of each feature. 

WGCNA_object If applicable, output of WGCNA analysis. 

survivor_list 
List of features that have survived 

screening step. 
 

5.4 Fuzzy random forest: 

A new algorithm Fuzzy Forest based upon the random forest and decision tree is 

intended to diminish the inclination found in irregular timberland include choice 

brought on by the nearness of related components. Fuzzy forests utilize recursive 

element end irregular woodlands to choose highlights from isolated pieces of 

related components where the connection inside each square of elements is high 

and the relationship between’s squares of elements is low. One last random forest 

is fit utilizing the surviving elements. Besides, fuzzy forest is an augmentation of 

random forests intended to yield less one-sided variable significance rankings when 

components are related with each other. The procedure requires that elements be 

divided into independent gatherings or modules to such an extent that the 

https://rdrr.io/cran/fuzzyforest/src/R/fuzzy_forest_obj.R
https://rdrr.io/r/base/NULL.html
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relationships inside gatherings are vast and the connection between's gatherings is 

little. 

5.4.1 Breiman’s Random Forest 

 The standard procedure of learning and interpretation in a random forest according 

to Breiman is as following:  

 

 

 

Step 
1

• Take an irregular example of N perceptions from the informational
collection with substitution of the entire arrangement of T perceptions.

• A few perceptions will be chosen more than once, and others won't be 
picked. Around 2/3 of the perceptions will be chosen.

• The rest of the 1/3 of the cases is called "out of pack" (OOB). For each 
developed tree, another irregular determination of cases is performed

Step 
2

•Utilizing the cases chosen in the past stride, develop a tree (to the greatest size and
without pruning). Amid this procedure, each time that it is expected to part a hub,
just consider a subset of the aggregate arrangement of indicator factors.

•Select the arrangement of indicators as an arbitrary subset of the aggregate 
arrangement of accessible indicators. 

•Accomplish another irregular determination for each split. A few indicators 
(comprehensive the best) can't be considered for each part, yet an indicator rejected 
in one split might be utilized by different parts in a similar tree.

Step 
3

• Rehash steps 1 and 2 to develop a forest, i.e. a gathering of trees. 

Step 
4

• To score a caserun the case through each tree in the woodland and record
the expected regard.

• Utilize the expected arrangements for each tree as "votes" for the best class, 
and use the class with the most votes as the foreseen class.
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5.5 Mathematical Model of Fuzzy Random 

Forest  

Before going onto the fuzzy Mathematical Model some various concepts and other 

mathematical models which help in building the fuzzy forest are as below: 

5.5.1 Fuzzy Number 

5.5.1.1 Arbitrary Fuzzy Number  

A fuzzy number B may be defined by identifying its core, support and either its left 

or right side function or lower and upper alpha-cut bound. 

Definition  

Let B be the universal fuzzy number with degree of membership µB(x) can be 

expressed as  

             

                      LEB(x)              p ≤ x ≤ q 

µB(x) =              𝝎                      q ≤ x ≤ s    

 

Where 0 ≤ 𝝎 ≤ 1 is a constant and LEB:[p,q] [0, 𝝎] and RIB:[s,t] ] [0, 𝝎] 

are two severely monotonically and constant plotting from RI to secure interval 

[0, 𝝎]. If  𝝎 = 𝟏 then B is a common fuzzy number. Else, it is a trapezoidal fuzzy 

number and is commonly represented by:  

B=(p,q,s,t) 

or 

                        RIB(x)                  s ≤ x ≤ t             

                          0                         otherwise             
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B=(p,q,s,t)  If  𝝎 = 𝟏 

In specific, when q=s, the trapezoidal fuzzy number is concentrated to a triangular 

fuzzy number represented by B=(p,q,t,ω) or B=(p,q,t) if 𝝎 = 𝟏. Therefore, 

triangular fuzzy numbers are distinct cases of trapezoidal fuzzy numbers. 

Since LEB and RIB are both immovably monotonical and continuous functions, 

their opposite functions exist and ought to be consistent and entirely monotonical. 

Let LEB
-1:[p,q] [0, 𝝎] and RIB

-1:[s,t] ] [0, 𝝎] be the inverse function of LEB 

(x) and RIB(x) respectively. Then inverse should be essential on the adjacent 

interval [0, 𝝎]. In other words both ∫ 𝐋𝐄𝐁
−1 𝝎

0
(𝒓)𝒅𝒓 and ∫ 𝑹𝑰𝑩

−1 𝝎

0
(r) dr should 

occur. In the situation of trapezoidal fuzzy number, the function LEB
-1 and RIB

-1 

can be articulated as  

LEB
-1(r) = (p+(q-s)) / 𝝎                    0 ≤ 𝝎 ≤ 1 

RIB
-1(r) = (p+(q-s)) / 𝝎                    0 ≤ 𝝎 ≤ 1 

The set of all components that have a nonzero degree of membership in B, it is 

called the sustenance of B i.e 

S (B) ={x ∈ 𝒀 | µB(x) >0} 

The set of components having the leading degree of membership in B , it is called 

the core of B , i.e. 

C (B) ={x ∈ Y| µB(x) = sup x ∈ Y LEB(x) } 

 

In the resulting, we will always adopt that B is continuous and bounded sustenance 

S(B). The strong support of B should be S(B)=[p,t]. 

 

5.5.1.2 Method of Centroid Point  
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In order to determine the centroid points (ao, bo) of a fuzzy number a formula given 

by Cheng and Wang is as follows: 

ao=
∫ 𝒂𝑳𝑬𝑩

−𝟏 𝒒
𝒑 (𝐚)𝐝𝐚+∫ 𝒂 𝒅𝒂

𝒔
𝒑 +∫ 𝒂𝑹𝑰𝑩

−𝟏 𝒕
𝒔 (𝐚)𝐝𝐚

∫ 𝑳𝑬𝑩
−𝟏 𝒒

𝒑 (𝐚)𝐝𝐚+∫  𝒅𝒂
𝒔

𝒑 +∫ 𝑹𝑰𝑩
−𝟏 𝒕

𝒔 (𝐚)𝐝𝐚
 

 

bo=
∫ 𝒃𝑹𝑰𝑩

−𝟏 𝝎
𝟎

(𝐛) 𝐝𝐛−∫ 𝒃𝑳𝑬𝑩
−𝟏 𝝎

𝟎 (𝐛)𝐝𝐛

∫ 𝑹𝑰𝑩
−𝟏 𝝎

𝟎
(𝐛) 𝐝𝐛−∫ 𝑳𝑬𝑩

−𝟏 𝝎
𝟎 (𝐛)𝐝𝐛

 

In this instance, regular triangular fuzzy numbers could be associated or ranked 

straight in terms of their centroid coordinates on horizontal axis. 

𝑹(𝑩) = √𝐚𝐨(𝑩)𝟐 +  𝐛𝐨(𝑩)𝟐 

 

We can compute fuzzy rank we used centroid and original point of Fuzzy and we 

get as : 

 

S(B)= 𝐚𝐨(𝐁). 𝐛𝐨(𝐁) 

 

Since fuzzy numbers based on their ao’s values if they are different. In the 

circumstance that they are equivalent, they additional compare their bo’s values to 

form their ranks. 

 

 

 

5.5.2 The Fuzzy Forests Algorithm and 

Significance Methods and Algorithms  

 

5.5.2.1 Variable Importance Methods 

In this part we introduce the basic notations and discuss variable importance 

measures. We assume that our data comes in the form of n independently and 
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identically distributed pairs (dd) (p,s) ~ H (p,s). Here P is a m dimensional feature 

vector and S is a scalar outcome. 

 

Let Pi
(v) denote the Vth feature for ith subject and let 

𝑃𝑖 = (𝑃𝑖
1 + 𝑃𝑖

2 + 𝑃𝑖
3 + ⋯ … + 𝑃𝑖

𝑚) 

be the feature vector for the ith subject. Representing the set value for feature V, 

through all N subjects, we set:  

𝑃𝑣 = (𝑃1
𝑣 +  𝑃2

𝑣 + 𝑃3
𝑣 + ⋯ … + 𝑃𝑛

𝑣) 

 

Finally the marginal distribution of 𝑃  and 𝑃𝑣 are written as 𝐻𝑃  𝑎𝑛𝑑  𝐻𝑃𝑣 

respectively. 

 

In both the circumstances, the classification and regression, we are concerned in 

modeling the conditional mean of S given a feature vector P, we gave this 

conditional mean as CM[S| P] or g(p). In case of regression, we assume that S| P 

has a distribution𝑔(𝑝) + 𝑍, where Z are independent of P and dd with variance σ2 

. 

 

In regression setting, S is continuous. In binary classification, if S is restricted to 

take the value 0 or 1 then S| P is a Bernoulli trail with mean  

BM= [S|P = p] = T( S = 1|P = p ) 

For regression, a prediction for a new observation Pnew would be obtained by 

evaluating the conditional mean at:  

Pnew : g(Pnew) 



Page 122 of 155 
 

In the case of binary classification, the predicted outcome for a new observation 

would be 1, if  

g(Pnew) =  Q( S = 1|P = Pnew ) > 0.5 

and 0 otherwise. 

(The random forest can easily be generalized to handle the case of 

multiclassification) 

If the goal were to predict the new outcome S, based on the features, P, a good 

estimate of g(p) would suffice. The problem of feature selection requires more than 

a block box estimate of g(p). It require of understanding of how function of P 

depend on each other. 

 

 

5.5.3 Mathematical model of Random Forests  

 

A random forest is a popular ensemble method that has been applied in the setting 

of both classification and regression. The random forests algorithm works by 

combining the predictions of an ensemble of classification or regression trees. 

Each tree is grown on a separate bootstrap sample of the data. The number of trees 

grown in this manner is denoted as “nt”. The subjects that are not selected in a 

particular bootstrap sample are said to be “out of bag". Note that roughly one third 

of observations will be out of bag for each tree. These samples play the important 

role of serving as a test set for each tree, allowing the user to obtain estimates of 

the prediction error that are not overly optimistic. 

Call the rth tree 𝑔𝑟
′  (P). In the case of regression trees, 

𝑔′(P) =
1

𝑛𝑡
∑  𝑔𝑟

′  (𝑃)𝑛𝑡
𝑟=1  
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In the case of classification 𝑔′(P) is the majority vote of the nt predictions given by 

𝑔𝑟
′  (P).Each regression tree, by itself may be highly unbalanced, foremost to high 

variability approximations of g(P), however by averaging multiple tree over many 

bootstrap samples, the variance of our estimates for g(P) may be significantly 

reduced. The algorithm labeled thus far is known as bootstrap-aggregating. This 

algorithm is a special case of random forest. 

A further element of randomness is introduced by random forests. Before a node 

in a particular tree is split, a subset of features is chosen at random. The best 

splitting rule, involving only these randomly selected features, is then used to split 

the node. The number of randomly selected features at each stage is commonly 

called rt. High values of rt tend to lead to just a few important features getting 

selected at the majority of nodes. If rt = m, then random forests are equivalent to 

bagging. Lower values of rt allow more features to play a role in the estimation 

g(P). In the case of regression, a common default value of rt is [m/3]. In the case 

of classification √𝑚 is common choice.   

Random forest variable importance measure RFVMs is obtained by testing how 

predictive accuracy suffers when the values of an individual feature are randomly 

permuted. Suppose a particular feature is important in determining the outcome, S 

. Permuting the values of this feature destroys its relationship with the outcome. 

Because this important relationship has been destroyed, there should be a 

subsequent decrease in predictive accuracy if a random forest is t to this permuted 

data set. If there was no relationship to begin with, the predictive accuracy of the 

random forest t to the permuted data should remain unaffected. Let random forest 

variable importance measure is denoted as RFVM as it measures the average 

decline in predictive performance for each feature across multiple trees. 

The RFVM for the vth feature is calculated as follow below is calculated as follow 

below. Let 𝑊𝑟 belong to {1,2,……,n} be the indices for the out of bag sample from 

the rth tree. Let 𝜋𝑟 = (𝜋𝑟1, … … … , 𝜋𝑟𝑛) be the random permutation of 𝑊𝑟 and Let  

𝑃𝑖
′ = (𝑃𝑖

1, 𝑃𝑖
𝑣, … … . . 𝑃𝑖

𝑚) 
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be the feature vector for the ith subject where vth feature has been permuted. In the 

case of regression the variable importance of the vth feature from the rth tree is 

defined as  

RFVM𝑟(𝑣)′ =
∑ (𝑆𝑖 − 𝑓𝑟

′(𝑃𝑖
′))2 − (𝑆𝑖 − 𝑓𝑟

′(𝑃𝑖))2
𝑖∈𝑊𝑟

|𝑊𝑟|

̂
 

 

The variable importance for the entire random forest is defined as; 

𝑅𝐹𝑉𝑀𝑟(𝑣)′ =
∑ 𝑅𝐹𝑉𝑀𝑟(𝑣)′𝑛𝑡

𝑟=1

𝑛𝑡
 

 

5.6 The Fuzzy Forests Algorithm 

 

The fuzzy forests algorithm is an extension of random forests designed to obtain 

less biased variable importance rankings in the presence of correlated features. In 

the following section, we describe the motivation behind fuzzy forests and explain 

why it provides relatively unbiased rankings of RFVMs. In this section, we 

describe the algorithm. The fuzzy forests algorithm reduces the parameter space 

in two steps: a screening step and a selection step. The screening step works in a 

piecewise fashion to screen out unimportant features once the features have been 

assigned to modules. The screening step takes as input a module or partition of 

the features such that the correlation within each module is high. Our package, 

fuzzy forest, facilitates the use of WGCNA to determine the modules although, it 

is possible to use alternative methods to partition the features, if this is known a 

priori. Denote this partitioning of the features by the set T= {(𝑇1, +  𝑇2, + ⋯ … +

𝑇𝑛,). Let  

tl = |  𝑇𝑙| so that ∑ 𝑇𝑙
𝑛
𝑙=1  . 
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The screening step operates independently on each partition. For each element of 

the partition  𝑇𝑙 .Recursive Feature Elimination Random Forests (RFE-RF) is used 

to screen out unimportant features. Starting with all features in partition  𝑇𝑙, a 

random forest is tf and the least important features are then eliminated. Call the 

reduced set of features in 𝑇𝑙, after the forest random forest, 𝑇𝑙
1. For example, the 

features with 𝑅𝐹𝑉𝑀 in the bottom 20% might be dropped at each step. A 2nd 

random forest is then fit using features in 𝑇𝑙
1.The least important features from 

this latest random forest are then eliminated leading to a further reduced set of 

features 𝑇𝑙
1𝑏𝑒𝑙𝑜𝑛𝑔 𝑡𝑜𝑇𝑙

2... 𝑎𝑛𝑑 𝑡ℎ𝑒𝑛 𝑏𝑒𝑙𝑜𝑛𝑔 𝑡𝑜 𝑇𝑙 .  The subset obtained after 

iteration tf is denoted as  𝑇𝑙
𝑡𝑓

 and let  𝑡𝑙
1 be the number of features in 𝑇𝑙

𝑡𝑓
. Features 

are eliminated in this manner until a user-specified stopping criteria is reached. 

For example, features may be eliminated until 5% of the original features in 𝑇𝑙 

remain. 

The user must specify a few tuning parameters at the screening step. First, the user 

must specify how many features are to be dropped after each step of the RFE-RF. 

We call this fraction the drop fraction. The user must also specify stopping criteria. 

In fuzzy forest the user specifies what percentage of the original   𝑡𝑙 features to 

retain. This percentage is called the keep fraction. The first time the number of 

features drops below kf*  𝑡𝑙 .More precisely, for the first iteration tf, we retain the 

top |𝑘𝑓 ∗  𝑡𝑙| features from  𝑇𝑙
𝑡𝑓−1

. 

For each random forest RFE-RF, rt and nt must be appropriately selected. Since 

the number of features varies across random forests, mtree and nt must be a 

function of the current number of features. Suppose we are at iteration t and are 

about fit a random forest to obtain 𝑇𝑙
𝑡𝑓−1

 𝑏𝑒𝑙𝑜𝑛𝑔 𝑡𝑜  𝑇𝑙
𝑡𝑓

 . 

The selection step consists of one last RFE-RF to allow for interactions between 

modules. This RFE-RF is applied to all features that have been selected at the 

screening step. Note that a separate choice of drop fraction, rt factor, min tree, and 

nt factor may be used. In the package fuzzy forest, keep fraction is implicitly 
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defined by user, as the user specifies how many features they would like in the final 

selection step. 

 

5.7 Encouragement for Choosing Fuzzy 

Forests Algorithm 

 

The selection step of fuzzy forests is motivated by the following observations 

concerning the theoretical properties of 𝑅𝐹𝑉𝑀s. Permutation 𝑅𝐹𝑉𝑀s provide a 

means of summarizing the importance of individual features without making 

parametric assumptions. In the case of regression, the random forest permutation 

𝑅𝐹𝑉𝑀 of feature v estimates the following parameter: 

𝑅𝐹𝑉𝑀 (𝑣) =CM(g(𝑃𝑖
1, … … . . , 𝑃𝑖

𝑣, … … … 𝑃𝑖
𝑚)-g(𝑃𝑖

1, … … . . , 𝑃𝑖
𝑣̅̅ ̅, … … … 𝑃𝑖

𝑚))2 

The above expression deserves further explanation. First, note that the expression 

is the same for all choices of index i because the (𝑃𝑖 , 𝑆𝑖) are dd with distribution 

𝐻(𝑃,𝑆). Next note that g is fixed and the expectation is with respect to random 

variables  𝑃𝑖 = (𝑃𝑖
1 +  𝑃𝑖

2 + 𝑃𝑖
3 + ⋯ … + 𝑃𝑖

𝑚) and𝑃𝑖
𝑣̅̅ ̅. The random vector 𝑃𝑖 has 

distribution 𝐻𝑥  and 𝑃𝑖
𝑣̅̅ ̅ generated independently of  𝑃𝑖 has distribution𝐻𝑃(𝑣). Here 

𝑃𝑖
𝑣̅̅ ̅ can be thought of as an independently generated realization from 𝑃𝑖

𝑣. If the 

value of 𝑔(𝑃𝑖) changes greatly when 𝑃𝑖
𝑣 is replaced by  𝑃𝑖

𝑣̅̅ ̅̅  , it implies that the vth 

feature is important. In the case where 𝑔𝛾(𝑃) = ∑ 𝛾𝑣 𝑃
(𝑣)𝑚

𝑣=1  is a linear model, with 

standardized features 𝑅𝐹𝑉𝑀(𝑣) = 𝛾𝑣
2. 

Different authors present different form of 𝑅𝐹𝑉𝑀 for classifications in their paper. 

These authors also discuss conditions under which the estimate of the permutation 

VIM derived from random forests is consistent. 

Let 𝐻𝑇𝑙 denote the joint distribution of the features in partition 𝑇𝑙  and let 

𝑃𝑇(𝑙)~ 𝐻𝑇𝑙 . In general, the conditional expectation, 𝑍[(𝐶|𝐷)] of one random 
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variable C with respect to another variable D is defined as function h(D)that 

minimizes 𝑍[(𝐶|ℎ(𝐷))2] or written more compactly 𝐹𝑚𝑖𝑛ℎ𝑍[(𝐶|ℎ(𝐷))2] . .When 

random forests are t using only the features in module 𝑇𝑙 , the estimate regression 

function congregate to  

𝐹𝑚𝑖𝑛ℎ𝑍 [(𝑆|ℎ(𝑃𝑇(𝑙)))
2

] = 𝐹𝑚𝑖𝑛ℎ𝑍[(𝑔(𝑃)+∈ −ℎ(𝑃𝑇(𝑙))2] 

                                              

= 𝐹𝑚𝑖𝑛ℎ𝑍 [∈2+ 2

∈ (𝑔(𝑃) −  ℎ(𝑃𝑇(𝑙))) + ((𝑔(𝑃)+∈ −ℎ(𝑃𝑇(𝑙)))2] 

                                             

= 𝐹𝑚𝑖𝑛ℎ𝑍 [2 ∈ (𝑔(𝑃) −  ℎ(𝑃𝑇(𝑙))) + ((𝑔(𝑃)+∈ −ℎ(𝑃𝑇(𝑙)))2] 

= 𝐹𝑚𝑖𝑛ℎ𝑍[((𝑔(𝑃) − ℎ(𝑃𝑇(𝑙)))2] 

= 𝑍 (𝑔(𝑃)|(𝑃𝑇(𝑙))) 

 

Note that the Z[2 ∈ (𝑔(𝑃) −  ℎ(𝑃𝑇(𝑙)))]=0 because ∈ is independent of P and has 

mean 0. Suppose that features in separate modules 𝑃𝑇(1), … … … … . , 𝑃𝑇(𝑛) are 

independent and suppose that 𝑔(𝑃) = ∑ 𝑓𝑗(𝑃𝑇(𝑗))𝑛
𝑗=1 . The regression function 

𝑔(𝑃) allows for interactions within modules and no interactions between modules. 

We now demonstrate that if we t a random forest using only the features in 𝑇𝑙, we 

are no longer estimating 𝑍[(𝑆|𝑃)] = 𝑔(𝑃) instead we are estimating  

𝑍(𝑔(𝑃)|𝑃𝑇(𝑙))=∑ (𝑔(𝑃𝑇(𝑗))|𝑃𝑇(𝑙)) =  𝑔𝑙(𝑃𝑇(𝑗))𝑛
𝑗=1 + ∑ 𝑍𝑃𝑇(𝑙)

[ℎ𝑗(𝑃𝑇(𝑗))]𝑛
𝑗≠𝑙  

As a result, the 𝑅𝐹𝑉𝑀s obtained by putting a separate random forest to each 

module 𝑇𝑙  are equal to the 𝑅𝐹𝑉𝑀s obtained by tting a random forest to the full set 

of features. This is seen by the following argument. Thus, 

𝑍[(𝑆|𝑃𝑇(𝑙))] = 𝐹𝑚𝑖𝑛ℎ𝑍[𝑆 − ℎ(𝑃𝑇(𝑙))2] 
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𝑍[(𝑆|𝑃𝑇(𝑙))]=𝐹𝑚𝑖𝑛ℎ𝑍[{(𝑆 − 𝑔(𝑃)) − (ℎ(𝑃𝑇(𝑙) − 𝑔(𝑃)))}2] 

This previous term equals  

𝐹𝑚𝑖𝑛ℎ{𝑍 [(𝑆 − 𝑔(𝑃)2) − 2𝑍[𝑆 − 𝑔(𝑃)) (ℎ (𝑃𝑇(𝑙) − 𝑔(𝑃))]

+ 𝑍[(ℎ(𝑃𝑇(𝑙)) − 𝑔(𝑃)))2]} 

Now, the first of the above expectations does not depend. The second expectation 

equals 0: 

𝑍(𝑆 − 𝑔(𝑃))(𝑔 (𝑃)𝑇(𝑙) − 𝑔(𝑃)) = 𝑍[𝑍[𝑆(𝑆 − 𝑓(𝑃))(ℎ(𝑃𝑇(𝑙)) − 𝑔((𝑃)|𝑃))]] 

=0. 

This leaves only the third expectation remaining. Thus 

𝑍(𝑆|𝑃𝑇(𝑙)) = 𝐹𝑚𝑖𝑛ℎ𝑍[(ℎ(𝑃𝑇(𝑙) − 𝑔(𝑃)))2] 

By the definition of conditional expectation, this last term 

equals 𝑍(𝑔(𝑃)|𝑃𝑇(𝑙)).Note that by independence of the module, we have 

𝑍(𝑔𝑗(𝑃𝑇(𝑗))|𝑃𝑇(𝑙)) = 𝑍𝑃𝑇(𝑙)
[𝑔𝑗(𝑃𝑇(𝑗))] for all ≠ 𝑖 . this yield 

𝑍(𝑔(𝑃)|𝑃𝑇(𝑙))=∑ (𝑔(𝑃𝑇(𝑗))|𝑃𝑇(𝑙)) =  𝑔𝑙(𝑃𝑇(𝑗))𝑛
𝑗=1 + ∑ 𝑍𝑃𝑇(𝑙)

[ℎ𝑗(𝑃𝑇(𝑗))]𝑛
𝑗≠𝑙 . 

Suppose feature 𝑣 is in partition 𝑇(𝑙) the variable importance obtained by fitting a 

random forest to only those features in 𝑇(𝑙)  is estimating the following quantity: 

 

𝑅𝐹𝑉𝑀∗(𝑣) = 𝐸(𝑔𝑙(𝑃𝑖
𝑙1, … … … , 𝑃𝑖

(𝑣)
… . . 𝑃𝑖

𝑙𝑛) − 𝑔𝑙 (𝑃𝑖
𝑙1, … … , 𝑃𝑖

′(𝑣)̃
… … . . 𝑃𝑖

𝑙𝑛))2 

Here,𝑃𝑖
𝑙𝑟 is the rth element of the partition 𝑃(𝑙). 𝐴𝑠 𝑖𝑛 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛  

𝑅𝐹𝑉𝑀 (𝑣) =CM(g(𝑃𝑖
1, … … . . , 𝑃𝑖

𝑣, … … … 𝑃𝑖
𝑚)-g(𝑃𝑖

1, … … . . , 𝑃𝑖
𝑣̅̅ ̅, … … … 𝑃𝑖

𝑚))2 

𝑃(𝑣)𝑎𝑛𝑑  , 𝑃𝑖
′(𝑣)

 
̃

are dd from 𝐻𝑃(𝑣).We see from this equation that 𝑅𝐹𝑉𝑀∗(𝑣) =

 𝑅𝐹𝑉𝑀 (𝑣) if the true regression function is additive across modules and if the 

modules are independent of one another. If our assumptions are met, the 𝑅𝐹𝑉𝑀s 
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obtained by analyzing each module separately are asymptotically the same as those 

that would have been obtained if 𝑅𝐹𝑉𝑀s were obtained by analyzing all features 

at once. 

Therefore, the selection step of fuzzy forests achieves two goals. First of all, it 

decreases the quantity of features that have to be analyzed at one time. Second, the 

finite sample bias caused by correlated features is alleviated. From previous 

research it is observed that insignificant features that are correlated with a 

significant feature are more likely to be chosen at the root of tree than uncorrelated 

significant features. The high importance of these insignificant correlated features 

comes at the cost of the significant uncorrelated features. When we analyze each 

module separately, features in different groups no longer competing against one 

another. 

These observations suggest that if we can assume strict additively and 

independence of the modules, then obtaining 𝑅𝐹𝑉𝑀s from each module separately 

should suffice. However, if these assumptions are not met, then the 𝑅𝐹𝑉𝑀s 

obtained by analyzing each module separately are, in general, different than the 

𝑅𝐹𝑉𝑀s obtained by fitting a single random forest. 

A fuzzy forest reduces these overly restrictive assumptions. Fuzzy forests allows 

for interactions between features that were found to be important within modules. 

Fuzzy forests are implicitly making the assumption that the features that have high 

𝑅𝐹𝑉𝑀s within modules are also most likely to be the features involved in 

interactions across modules. It is important to note that RFE-RF is applied at the 

final selection step. When features from separate modules are combined, the 

potential for bias due to correlation between features is re-introduced. The iterative 

random forests, in practice, manage to eliminate unimportant predictors which are 

correlated with important ones. While the ranking of the 𝑅𝐹𝑉𝑀s obtained from 

fuzzy forests are less biased than those derived from random forests, the estimated 

𝑅𝐹𝑉𝑀s may still be biased and thus we do not recommend interpreting the estimate 

of the 𝑅𝐹𝑉𝑀s too closely. 
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Chapter 6 

Results and Findings 

 

 

6. Results and Findings 

 

The package fuzzyforest has two purposes for suitable fuzzy forests. The first is 

wff, the second is ff. The function wff automatically carries out a WGCNA analysis 

on the features. Then it uses these newly derived modules as input to fuzzy forests. 

The WGCNA analysis is carried out via the block wise Modules function, from the 

package WGCNA. The second function ff assumes that the features have already 

been partitioned into separate modules either via a previous network analysis such 

as WGCNA, or a priori knowledge. The function ff is able to carry out the fuzzy 
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forests algorithm using the output of WGCNA. A number of tuning parameters 

must be specified before fuzzy forests can be run. These tuning parameters are 

organized into separate control objects. 

We have demonstrated the Fuzzy model on our dataset of TAM which include 

multiple TAM features like Perceived Usefulness, Perceived ease of Use and others 

. Since our data is collected from Google form so we have csv file of our data so 

build in function is used to read the csv file which is read.csv.   

 

 

responses = read.csv("C:/Users/asim/Desktop/R-codes/Data_p.csv") 

numFeatures = ncol(responses) - 1 

y <- factor(responses$Overall) 

X <- responses[, 1:numFeatures] 

 

Firstly WGCNA is used to select the power that leads to a network with 

approximately scale free topology. We set p= 6 and set other tuning  parameters 

for WGCNA in the following call. Note that the resulting number of modules can 

be sensitive to minModuleSize. 

 

WGCNA_params <- WGCNA_control(p = 6, TOMType = "unsigned", 

minModuleSize = 1, numericLabels = TRUE, nThreads = 1) 

 

 

screen_params <- screen_control(drop_fraction = drop_fraction, 

                                keep_fraction = 1, min_ntree = min_ntree, 

                                ntree_factor = ntree_factor, 

                                rt_factor = rt_factor) 

 

select_params <- select_control(drop_fraction = drop_fraction, 

                                number_selected = 29, 

                                min_ntree = min_ntree, 
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                                ntree_factor = ntree_factor, 

                                rt_factor = rt_factor) 

 

The function wff returns an object of type fuzzy_forest. Objects of type 

fuzzy_forest have the usual generic methods. The function print returns the list of 

selected features with their degree of member ship. The function predict 

(fuzzy_forest, new_data) takes in a data. Frame or matrix and produces predictions 

based on the selected features. 

 

wff_fit <- wff(X, y, WGCNA_params = WGCNA_params, 

               screen_params = screen_params, 

               select_params = select_params, 

               final_ntree = 500) 

 

#extract variable importance rankings 

vims <- wff_fit$feature_list 

 

From the below we can easily see that the features are rank through variable 

importance and placed in different module memberships based upon its variable 

importance.  

 

Output from R 

 

  feature_name variable_importance module_membership 

1 PU1 0.0085 2 

2 PVA1 0.0066 5 

3 PEOU4 0.0063 4 

4 PEOU2 0.0051 0 

5 PEOU6 0.0045 4 

6 PU5 0.0045 0 

7 TR3 0.0039 3 

8 PU2 0.0038 2 

9 BL2 0.0037 0 

10 PEOU1 0.0037 0 
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11 SN2 0.0036 0 

12 FOT2 0.0035 6 

13 PEOU5 0.0033 2 

14 SN1 0.0031 0 

15 BI4 0.0029 1 

16 BL1 0.0025 0 

17 PVA3 0.0022 0 

18 PVA4 0.0022 0 

19 TR2 0.0021 3 

20 BI3 0.0021 0 

21 PEOU3 0.0018 4 

22 FOT1 0.0015 6 

23 PU3 0.0012 2 

24 TR1 0.0009 0 

25 PVA2 0.0007 5 

26 PU4 0.0006 1 

27 BI2 0.0006 1 

28 BI1 0.0005 0 

29 TR5 0.0002 1 
 

 

 

R Console Output  

 feature_name variable_importance module_membership 

1 PU1 0.0085 2 

2 PVA1 0.0066 5 

3 PEOU4 0.0063 4 

4 PEOU2 0.0051 0 

5 PEOU6 0.0045 4 

6 PU5 0.0045 0 

7 TR3 0.0039 3 

8 PU2 0.0038 2 

9 BL2 0.0037 0 

10 PEOU1 0.0037 0 

11 SN2 0.0036 0 

12 FOT2 0.0035 6 

13 PEOU5 0.0033 2 

14 SN1 0.0031 0 

15 BI4 0.0029 1 

16 BL1 0.0025 0 

17 PVA3 0.0022 0 

18 PVA4 0.0022 0 

19 TR2 0.0021 3 
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20 BI3 0.0021 0 

21 PEOU3 0.0018 4 

22 FOT1 0.0015 6 

23 PU3 0.0012 2 

24 TR1 0.0009 0 

25 PVA2 0.0007 5 

26 PU4 0.0006 1 

27 BI2 0.0006 1 

28 BI1 0.0005 0 

29 TR5 0.0002 1 

   

 

 

 

 

 

 

    
The function mod plot yields a visual display of which modules are important or 

which factor are important and which are not as shown in below graph : 

 

modplot(wff_fit) 

 

From above graph we can conclude that almost all the features are important expect few. 
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Conclusion 

 

 

Explore on the diffusion of innovation has been broadly connected in controls, for 

example, instruction, human science, correspondence, horticulture, advertising, 

and data innovation. A development is a thought, practice, or protest that is seen as 

new by an individual or another unit of appropriation. Dispersion, then again, is the 

process by which a expansion is carried through precise channels after some time 

among the individuals from a social framework. Along these lines, the IDT 

hypothesis contends that potential users settle on choices to receive or dismiss 

advancement in light of convictions that they shape about the development. 
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IDT contains five substantial modernization elements: relative advantage, 

compatibility, complexity, and trialability and observability. Relative advantage is 

definite as how much advancement is considered as being superior to anything the 

thought it supplanted. This develop is observed to be one of the best indicators of 

the reception of an advancement. Compatibility alludes to how much development 

is viewed as being predictable with the potential end-clients' current esteems, 

related involvements, and necessities. Complexity nature is the end-clients' 

apparent level of trouble in empathetic advancements and their convenience. 

Trialability alludes to how much developments can be tried on a constrained 

premise.  Observability is how much the aftereffects of advancements can be 

noticeable by other individuals. These qualities are utilized to clarify end-client 

appropriation of developments and the basic leadership prepare. Hypothetically, 

the dissemination of an advancement point of view does not have any express 

connection with the Technology Acceptance Model, but rather both offer some key 

develops. It was originate that the comparative preferred standpoint develop in IDT 

is like the idea of the Perceived Usefulness in Technology Acceptance Model, and 

the multifaceted nature build in Information Diffusion Theory catches the 

Perceived Ease of Use  in the innovation acknowledgment show, in this each 

element innovation acknowledgment model can catch the dissemination display.  

Also, as far as the many-sided quality build, TAM and IDT recommend that the 

development of clients' aim is in part dictated by how troublesome the advancement 

is to comprehend or utilize. As such, the less unpredictable something is to utilize, 

the more probable an individual is to acknowledge it. Compatibility is related with 

the attack of an innovation with related involvements, while the capacity to attempt 

and watch is related with the accessibility of chances for applicable encounters. 

These develops identify with earlier innovation experience or open doors for 

encountering the innovation under thought. Compatibility and the capacity to 

attempt and watch can be dealt with as outside factors, which specifically influence 

the builds in the technology acceptance model. 
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We recommend an combined theoretical model, which mergers Information 

Diffusion Theory and Technology Acceptance Model theories. Model exploration 

grasps that the five advanced features (compatibility, complexity, relative 

advantage, ability to try and observe) utilize a significant outcome on the individual 

PU, PEU and purpose to practice technology. We therefore confirmed the 

legitimacy and applicability of the planned model constructed on the few 

hypotheses as discussed above. 

This study was an innovative effort in relating Information Diffusion Theory into 

a Technology Acceptance Model. Created on our suggested model we have 

explored the following characteristics Perceived Usefulness (PU), Perceived Ease 

of Use (PEOU), Technology Readiness (TR), Subjective Norm (SN), Perceived 

Visual Attractiveness (PVA),Fear of Theft (FOT),Brand Loyalty (BL), Behavioral 

Intention (BI) while using the technology. The exploration purpose was to cultivate 

a novel hybrid model by merging Information Diffusion Theory with Technology 

Acceptance Model to explore the factors affecting user’s BI to adopt the upcoming 

technology.  

Generally speaking, the outcomes affirmed the exploration show and the theories. 

The outcomes were reliable with past reviews demonstrating that compatibility and 

relative advantages had huge constructive outcomes on PU. It could be inferred 

that preceding the representatives' choice to utilize the innovation, they had a 

tendency to assess whether the present or up and coming innovation is pertinent to 

the user require or not. 

Also, as opposed to the past reviews, our outcomes demonstrated that many-sided 

quality had a huge beneficial outcome on PU. We contended that when the 

innovation was seen to be of higher unpredictability, the representatives had a 

tendency to see higher handiness of the innovation. This review comes about 

additionally demonstrated that perceptibility had no critical impact on PU, which 

was conflicting with earlier reviews .The conceivable reason was that in spite of 

the fact that the innovation users could watch other people's utilization of 
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innovation and had an impression of how to work them, they saw innovation to be 

less valuable in encouraging their needs. Advance thorough follow-up studies 

ought to be led to explore the exact part of perceptibility here. In addition, the 

outcomes recommended that trialability had a huge negative impact on PU. In 

particular, the higher the trialability, the lower the PU would be. 

Our results emphatically upheld the speculation that many-sided quality had a 

critical negative impact on PEU. Likewise, the relative points of interest and 

trialability had critical positive effects on PEU. These outcomes were reliable with 

past research discoveries. The thing shrouded in this component that user discover 

the framework intricate and hard to work. It inferred that if the users believed that 

the technology could uphold their needs, they tended to think technology were easy 

to use. Furthermore, when the user had additional chances to try the technology, 

they were more likely to view them as being easier to use. Hereafter, to improve 

the awareness of simplicity of use, the technology designers should design the 

systems to be comprehensible and appropriate to the user needs.  

These studies originate that compatibility, complexity, relative advantages, 

observability, and trialability had major belongings on the user behavioral intention 

of consuming technology. These conclusions sustained prevailing exploration that 

there existed solid connections among the five inventive qualities and the 

behavioral expectation. Keeping in mind the end goal to elevate the workers' goal 

to utilize the innovation, the planners ought to focus on the improvement of creative 

qualities and substance of the innovation for potential users.  

As earlier research illustrated, we found that the TAM seemed to give specialists a 

hypothetically stable and miserly model which can be utilized to foresee the user’s 

behavioral aim to utilize the innovation. Affording to Technology Acceptance 

Model, Perceived Usefulness and Perceived Ease of Use had a substantial 

optimistic and through consequence on the behavioral intention (BI) to use the 

technology while it also has impact on technology readiness. Whereas Pease 

usefulness is affect by Subjective norm and Technology readiness depend upon 

fear of theft. Such was the situation in this review; the innovation users felt that the 
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higher PU brought about a higher behavioral goal to utilize the innovation. This 

study also specified that PEU had an optimistic undeviating effect on PU.  

After identifying the acceptance of the elements, our major goal is identify the 

important of each sub factors. Since in our proposed model we have different sub 

factor of each major elements i.e PU  include PU1, PU2, PU3, PU4, PU5, while 

PEOU include PEOU1, PEOU2, PEOU3, PEOU4, PEOU5 , PEOU6 and sub 

factors can be seen in the above model. After identifying all the sub factors our 

major task is to identify the most important and relevant features or elements. For 

that we have used Principal Component Analysis (PCA) in order to get the 

important factor but the drawback of PCA analysis is that it  is centered around 

finding orthogonal projections of the dataset that contains the most astounding 

change conceivable with a specific end goal to 'find shrouded LINEAR 

connections' between's factors of the dataset. This implies on the off chance that 

you have a portion of the factors in your dataset that are straightly associated; PCA 

can discover a course that speaks to your information.  But if the data is not linearly 

correlated PCA is not enough. It can only use it on unsupervised, unlabeled data. It 

only used to reduce dimensionality in our data. It can only use for specific sets of 

data that include linear combinations. You should only use PCA when you don’t 

care about the meaning of your features, so you won’t have weights associated with 

your features so you can’t tell which ones are influencing your model. In general 

PCA gives the new features by combining the existing features; PCA is used for 

feature extraction so it only gives us the important new features according to the 

existing features. But here the problem occurs that it gives us the new features but 

not give the importance of our model features. So in order to have importance of 

each feature we have used fuzzy logic. Fuzzy logic not only select the important 

feature but also give the module membership and variable importance of each 

features which tell its importance of each features over all the features. It deal with 

each type of data either it supervised or un supervised, it also allows you to model 

in a more intuitive way complex dynamic systems it has the ability to deal with 

uncertainty and nonlinearity. Due to its benefits to handle the data and selecting the 
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features we used it to extract the importance features. Based upon the module 

membership we rank each features according to its variable importance.  

 

 

 

 

 

 

 

 

 

 

 

LIMITATIONS 

 

Wearable technology has yet to thrive. There are many that still require to grasp 

the concept of what it is and several who haven’t had the chance to use it, hence 

the reason behind the questions in the survey being hypothetical and a limited 

sample size. Also, the sample size being unequal or insufficient in categories of sex 

and age brackets, being less or more than others in the same category, can also 

affect the results in the analyses performed. This model / classification needs to be 

tested for very large data sets to re-confirm its validity. 
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FUTURE RESEARCH 

 

A suggestion is to use the proposed model for other technologies in order to 

determine the acceptance and adoption of that particular technology so that 

generalized model can be improved. Other recommendations include a survey with 

more questions contributing to factors in the model, a larger, sufficient, and equal 

sample size for different categories, conducting the survey in countries where in 

this research there was none or insufficient, and an expansion or other alteration of 

the proposed model can also help companies in the smartwatch market get the 

necessary and required data with the purpose of smartwatch adoption and 
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acceptance. This classification can also be tested in different organization which 

are going through a process of change to further enhance the chances of adoption 

of technology and study the deviation from the proposed model / classification, if 

any. 
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APPENDIX 

 

QUESTIONNAIRE/SURVEY 

 

 

Name (optional):  

Age: (16-20) (21-25) (26-30) (31-35) (36-40) (41-45) (46-50) (51 or 

above) 

Sex: Male/Female 

Country: 

Profession (optional): 

 

1) I am familiar with the term 'wearables'. 

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 
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2) I stay updated on the latest technology and breakthroughs.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

3) I buy products featuring new technology as soon as they 

become available in the market.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

4) I am usually the first amongst my family and friends to buy 

new technology (like the smartwatch).  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

5) I stay updated about the developments in new technology 

through friends and family.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

6) I prefer to hear the opinion of others before buying something 

like a smartwatch.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

7) I am more likely to own products such as a smartwatch if most 

of the people around me have one.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 
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8) I will gladly use a watch that would tell me more than just the 

time, that is, with which I could complete more tasks with.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

9) I think smartwatches are an essential and useful accessory to 

own with a smartphone.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

10) I would prefer smartwatches over smartphones to handle 

small tasks like messaging, calls, etc.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

11) I find new technology (like smartwatches) difficult to use.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

12) I get easily accustomed to using new technology (like 

smartphones, smartwatches).  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

13) I would find it convenient to check a smartwatch rather than 

take out my phone in public.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 
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14) I think the smartwatch is less of a distraction than a 

smartphone.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

15) I would be less prone to using a smartwatch regularly 

especially in public places because I am afraid it might get 

stolen.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

16) I think I would have more chances of getting robbed if people 

knew I owned a smartwatch.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

17) I don’t think there’s anything useful about a smartwatch as the 

smartphone already has the necessary features.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

18) I am likely to buy a smartwatch based on its appearance 

regardless of its features.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

19) I would rather buy a smartwatch with more features regardless 

of its brand.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 
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20) I am likely to buy a smartwatch based solely on its 

appearance.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

21) I would find it easier to multi-task with a smartwatch.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

22) I would prefer smartwatches with various personalization 

options.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

23) I am likely to own a smartwatch that has more features 

regardless of its appearance.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

24) I am likely to own a smartwatch only of a particular brand.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

25) It will take more than what the smartwatch already has for me 

to own one.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

26) I am satisfied with the price range of the smartwatch.  
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1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

27) I think it would be convenient to use a smartwatch for 

important notifications during a meeting, while driving, etc.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

28) In my opinion, the smartwatch does not have much scope in 

the industry and the trend will soon die out.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

29) I think more people are likely to own and use smartwatches in 

the future.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 

 

30) I think the smartwatch is more useful for business people than 

the general population.  

1  Strongly Agree  2 Agree  3 Neutral

       4 Disagree   5 Strongly Disagree 
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TABLES 

Survey questions with their respective representative factors of the proposed research 

model 

1. I am familiar with the term 'wearables'.  TR1 

2. I stay updated on the latest technology and 

breakthroughs. 
TR2 

3. I buy products featuring new technology as soon as they 

become available in the market.  
TR3 

4. I am usually the first amongst my family and friends to 

buy new technology (like the smartwatch).  
TR4 

5. I stay updated about the developments in new 

technology through friends and family. 
SN1 

6. I prefer to hear the opinion of others before buying 

something like a smartwatch. 
BI1 

7. I am more likely to own products such as a smartwatch 

if most of the people around me have one.  
SN2 

8. I will gladly use a watch that would tell me more than 

just the time, that is, with which I could complete more 

tasks with. 

PU1 
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9. I think smartwatches are an essential and useful 

accessory to own with a smartphone. 
PU2 

10. I would prefer smartwatches over smartphones to 

handle small tasks like messaging, calls, etc. 
PU3 

11. I find new technology (like smartwatches) difficult to 

use. 
PEOU1 

12. I get easily accustomed to using new technology (like 

smartphones, smartwatches). 
PEOU2 

13. I would find it convenient to check a smartwatch rather 

than take out my phone in public. 
PEOU3 

14. I think the smartwatch is less of a distraction than a 

smartphone. 
PEOU4 

15. I would be less prone to using a smartwatch regularly 

especially in public places because I am afraid it might 

get stolen. 

FOT1 

16. I think I would have more chances of getting robbed if 

people knew I owned a smartwatch.  
FOT2 

17. I don’t think there’s anything useful about a smartwatch 

as the smartphone already has the necessary features.  
PU4 

18. I am likely to buy a smartwatch based on its appearance 

regardless of its features. 
PVA1 

19. I would rather buy a smartwatch with more features 

regardless of its brand. 
BL1 

20. I am likely to buy a smartwatch based solely on its 

appearance. 
PVA2 

21. I would find it easier to multi-task with a smartwatch. PEOU5 

22. I prefer smartwatches with various personalization 

options. 
PVA3 

23. I am likely to own a smartwatch that has more features 

regardless of its appearance. 
PVA4 

24. I am likely to own a smartwatch only of a particular 

brand. 
BL2 
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25. It will take more than what the smartwatch already has 

for me to own one. 
BI2 

26. I am satisfied with the price range of a smartwatch. BI3 

27. I think it would be convenient to use a smartwatch for 

important notifications during a meeting, while driving, 

etc. 

PEOU6 

28. The smartwatch does not have much scope in the 

industry and the trend will soon die out. 
TR5 

29. I think more people are likely to own and use 

smartwatches in the future. 
BI4 

30. I think the smartwatch is more useful for business 

people than the general population. 
PU5 

Factors of proposed research model with their respective representative survey questions 

TECHNOLOGY READINESS 

TR1 1. I am familiar with the term 'wearables'.  

TR2 
2. I stay updated on the latest technology and 

breakthroughs. 

TR3 
3. I buy products featuring new technology as soon as they 

become available in the market.  

TR4 
4. I am usually the first amongst my family and friends to 

buy new technology (like the smartwatch).  

TR5 
28. The smartwatch does not have much scope in the 

industry and the trend will soon die out. 

SUBJECTIVE NORMS 

SN1 
5. I stay updated about the developments in new 

technology through friends and family. 

SN2 
7. I am more likely to own products such as a smartwatch 

if most of the people around me have one. 
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PERCEIVED USEFULNESS 

PU1 

8. I will gladly use a watch that would tell me more than 

just the time, that is, with which I could complete more 

tasks with. 

PU2 
9. I think smartwatches are an essential and useful 

accessory to own with a smartphone. 

PU3 
10. I would prefer smartwatches over smartphones to 

handle small tasks like messaging, calls, etc. 

PU4 
17. I don’t think there’s anything useful about a smartwatch 

as the smartphone already has the necessary features. 

PU5 
30. I think the smartwatch is more useful for business 

people than the general population. 

PERCEIVED EASE OF USE 

PEOU1 
11. I find new technology (like smartwatches) difficult to 

use. 

PEOU2 
12. I get easily accustomed to using new technology (like 

smartphones, smartwatches). 

PEOU3 
13. I would find it convenient to check a smartwatch rather 

than take out my phone in public. 

PEOU4 
14. I think the smartwatch is less of a distraction than a 

smartphone. 

PEOU5 21. I would find it easier to multi-task with a smartwatch. 

PEOU6 

27. I think it would be convenient to use a smartwatch for 

important notifications during a meeting, while driving, 

etc. 

FEAR OF THEFT 

FOT1 

15. I would be less prone to using a smartwatch regularly 

especially in public places because I am afraid it might 

get stolen. 



Page 155 of 155 
 

FOT2 
16. I think I have more chances of getting robbed if people 

knew I owned a smartwatch. 

BRAND LOYALTY 

BL1 
19. I would rather buy a smartwatch with more features 

regardless of its brand. 

BL2 
24. I am likely to own a smartwatch only of a particular 

brand. 

PERCEIVED VISUAL ATTRACTIVENESS 

PVA1 
18. I am likely to buy a smartwatch based on its appearance 

regardless of its features. 

PVA2 
20. I am likely to buy a smartwatch based solely on its 

appearance. 

PVA3 
22. I prefer smartwatches with various personalization 

options. 

PVA4 
23. I am likely to own a smartwatch that has more features 

regardless of its appearance. 

BEHAVIOURAL INTENTION 

BI1 
6. I prefer to hear the opinion of others before buying 

something like a smartwatch. 

BI2 
25. It will take more than what the smartwatch already has 

for me to own one. 

BI3 26. I am satisfied with the price range of a smartwatch. 

BI4 
29. I think more people are likely to own and use 

smartwatches in the future. 

 


