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CHAPTER IV 

RESEARCH METHODOLOGY 

4.1 Introduction 

This chapter aims to explain the research methodology used to address the various issues 

relating to the research aims and objectives. The rationale for using the various research 

methods has also been discussed in this chapter. The aim of the research is to test and examine 

the different antecedents of tourists’ satisfaction and establish the causal relationship among the 

different constructs especially in the context of homestay tourism in the Darjeeling hills and 

validate the same. The key feature of the methodology is to capture the primary data concerning 

service quality, accessibility, destination image, safety and security, the satisfaction of tourists, 

and their behavioral intention in the homestay venture in Darjeeling hills. The previous chapter 

has outlined the conceptual model based on the previous literature conducted by various 

scholars. This chapter deals with a systematic procedure in establishing the research design, 

framing a self-administered questionnaire, and pre-testing the questionnaire for the study. The 

descriptive statistics especially the mean and standard deviation of items under one construct are 

reported separately. The chapter also underlines the identification of constructs and the items 

associated with them. It also incorporates the reliability and validity issues concerning each 

construct. The confirmatory factor analysis is employed to get a precise idea about the items and 

their elimination of items having low factor loading from the constructs. The research 

instrument is a self-administered questionnaire for the sample survey to the guests visiting 

homestays in Darjeeling hills. The self-administered questionnaire as related to the antecedents 

is also been discussed in this chapter. Thereafter, the reliability and validity of the questionnaire 

are tested by gathered through preliminary survey has also been reported in this chapter. The 

chapter also illustrates the number of sample sizes targeted and the rationale of using the 

sampling technique is also discussed. The rationale of using research methods such as 
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descriptive statistics, Confirmatory Factor Analysis (CFA), and the relevance of using the 

Structural Equation Modeling (SEM) technique are discussed. 

4.2 Research Design  

The study has employed a causal research design using a cross-sectional sample survey aiming 

at developing a conceptual model basically for satisfaction and analysis of behavioral intention. 

The forming of the hypothesis is based on the model developed for validation.  The causal 

relationship among the constructs is also established based on the model. The structured and 

open-ended questionnaire is developed to collect the data from the field survey. The targeted 

population of the study is the visitors visiting various homestays in Darjeeling hills in almost 

two years of the survey during 2017 to 2019 in the peak as well as in the slack season. Both the 

domestic tourists as well as visitors from abroad are included in the sample.  

4.3 Research Framework 

The questionnaires have been designed as per the objectives set in the study. Precisely, the first 

part of the questionnaires captured the main constructs in building a destination loyalty model 

using service quality, accessibility, destination image, safety & security, and satisfaction of the 

visitors. It also included the demographic profile of the visitors along with their nationality. 

SEM technique is used to assess the causal relationship among the different constructs. The role 

of mediation between independents constructs and dependent constructs has also been analyzed 

using the bootstrapping method to examine the extent of direct and indirect effects among the 

constructs. The study has also incorporated the sample of homestay operators using a structured 

questionnaire to build a depth sense of the viability of homestay units running in Darjeeling hills 

through Strengths, Weaknesses, Opportunities, and Threats (SWOT). 

4.4 Survey Instrument 

A questionnaire can be recognized as a formalized framework consisting of a set of questions 

and scales designed to generate primary data (Cao, 2012). The construction of questionnaire 
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formation involves an established set of scale measurements and design them into a complete 

instrument for communicating and collecting raw data from respondents (Hair et al., 2003).  The 

questionnaire in this study is designed for homestay visitors and operators separately. The first 

part of the questionnaire is constructed for tourists. Further, the questionnaire is segregated into 

two parts: i) Socio-economic and demographic variables and ii) the questions relating to 

different antecedents such as service quality, accessibility, safety & security, destination image, 

tourists' satisfaction, and behavioral intention using a five-point Likert scale. In addition to that, 

the second part of the questionnaire has dealt with the homestay operators. It is also segregated 

into two parts: i) the profile of the homestay operators and ii) to measure the strengths and 

weaknesses perceived by the homestay operators. The questionnaires are distributed to the 

tourists visiting selected homestays in Darjeeling as well as the operators running those 

homestays. The respondents of the research are the tourists’ who visited and stayed in 

Darjeeling homestays. The responses obtained from the tourists are used for the analysis of the 

study. Respondents are also asked to fill in the questionnaire, which contains questions about 

the socio-demographic profile, travel purpose, the number of days stay, source of knowing the 

destination, etc. Out of 380 questionnaires distributed to the tourists, 327 are found usable in the 

study. Further, the structured questionnaires are also distributed to the homestay operators about 

the strengths and weaknesses of the venture. The responses are collected from 97 Homestay 

operators. Respondents’ answers toward statements in the questionnaire are assessed using a 

five-point Likert scale. The scale used in this study is 5 for strongly agree, 4 for agree, 3 for 

neutral, 2 for disagree, and 1 for strongly disagree. 

4.5 Survey Method 

The survey method deals with descriptive and causal research. It is based upon the structured 

questionnaires given to the sample of the population (Mazzacchi, 2008). The advantage of the 

survey method has been underlined by Hair et al., (2003) is its ability to deal with large sample 

size. It is also convenient for managing and recording the responses. Apart from that, it is easier 
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to conduct the statistical analysis and ability to tap into factors and relationships among them 

which are not directly measurable. However, the disadvantages of the survey method cannot be 

ruled out. The disadvantages of the survey method are the difficulties in questionnaire 

designing, the limits in in-depth details of data structure, the limit of timeliness, reluctance in 

responding, and difficulty in determining truthful responses, misinterpretation of results in the 

analysis, and inappropriate use of statistical procedure (Hair et al., 2003). The self-administered 

questionnaire is a data collection technique where the respondents give responses based on their 

perception without the presence of a trained interviewer (Hair et al., 2003). Though, it has 

advantages over another method based on low cost and the interviewer biasness. A self-

administered questionnaire is used to collect the data for the study from tourists’ staying in the 

Darjeeling homestays. The homestay units in Darjeeling are geographically dispersed. So, data 

were collected taking into account the time and cost factors of those who have stayed in the 

destination for at least one night. 

4.6 Sampling method  

The study is descriptive in nature where the primary intention is to understand the perception of 

tourists’ visiting different homestays in the hills of the district Darjeeling, India. The other 

important dimension that has been covered in this study is to assess the capabilities of homestay 

operators having no formal exposure regarding running a homestay business efficiently. Since 

the homestays are scattered all over the hill and no sampling frame is there to locate all 

homestay operators, the researcher has to initially employ a snowball technique to identify the 

entrepreneurs. A lot of persuasions have been needed to make them perceive the benefit of the 

study. Once, the homestay operators agreed to support the researcher, a systematic random 

sampling technique has been employed to select the respondent to collect primary data to fulfill 

the research objectives. The data have been gathered through repeated visits to ninety-seven 

homestay operators that would serve the purpose of the study for generating the adequate 

sample size required to employ SEM. 
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4.7 Determination of Sample size 

The population size refers to this study is considered as the number of tourists available during 

the time of survey as such the precision has a greater statistical impact when researchers work 

with a smaller group but a larger group is always preferred for significant deviance in the true 

population. While selecting the margin of error, it is considered in this study fact that the more 

accurate conclusion may be inferred but at the same time, the sample size has to be higher. The 

confidence interval concept has also an important role to play while selecting the desired sample 

size. This confidence interval measures the extent of certainty concerning how well a sample 

represents the overall population within a predetermined margin of error. The other issue that 

has been considered is the standard deviation which simply points to how much variation the 

researcher can expect from the responses obtained by administering the survey. This value is not 

easy to establish which the researchers assign while conducting the survey research. On many 

occasions, researchers allocate this value at 0.5 (50%). This is considered to be the worst-case 

since assigning this value will promise that the researcher intended sample size is quite large to 

precisely characterize the overall population within the confidence interval and confidence 

level. 

Considering the above factors, the standard sample size computation formula has been 

employed - 

N= Population size 

Z=Z-score 

e= Margin of Error 

P= Standard of Deviation 

Sample Size (n) =
𝑍2𝑝(1−𝑝)

𝑒2

1+
𝑍2𝑝(1−𝑝)

𝑒2𝑁

 

In this study, a population (N) = 679, the margin of error is 0.04, and the standard deviation is 

50%. Putting this value in the above equation the required sample size is found to be 317. 



95 
RESEARCH METHODOLOGY 

However, the study is conducted with a sample size of 327 which is more than the required size 

as determined by the sample size calculation formula used for the study.  

The determination of sample size is mostly relevant to Confirmatory Factor Analysis (CFA) 

rather than Exploratory Factor Analysis (EFA) as pointed out by Netemeyer (2003). According 

to him, though it is desirable to have a large sample size “the more the better” the strategy is not 

always appropriate. In addition to that, the less number sample size causes non-convergence as 

well as improper solutions such as negative variance estimates (Anderson & Gerbing, 1988; 

Boomsma, 1982). According to Kline (1998), the sample size should be at least more than 200. 

The excessive number of sample sizes may lead to an insignificant difference between observed 

and implied covariance matrices (or parameter estimates). Since the Structural Equation 

Modeling (SEM) is based on Maximum Likelihood Estimation (MLE), the desirable sample 

size should range between 100 to 150 is appropriate (Dillon et al.,1987). Joreskog & Sorbom 

(1996) prescribed the number of a sample size to be the minimum ratio of at least five 

respondents for each estimated parameter. However, the ratio of ten respondents per parameter 

is considered most appropriate according to Hair et al., (2010). In addition to that, a sample size 

of 150 is considered enough to obtain a converged and proper solution for models with three or 

more indicators per factor as pointed out by Anderson and Gerbing (1984). Some of the 

researchers have given their own opinion about sample size to conduct SEM analysis. Williams 

and Holaham (1994) have opined that a sample size of 100 is adequate to conduct SEM 

analysis. In contrary to that, a sample size of at least 200 is required to obtain valid goodness-of-

fit measures as asserted by Marsh et al., (1988).  

In this study, a sample size of 327 has been used to conduct the SEM analysis. The rule of 

thumb to have at least three indicators in a construct has also been taken into account. Above 

all, it is advisable to have a sample size of at least 10 times the number of indicators. So, overall 

the model has not violated the general rule-of-thumb as prescribed by the different researchers. 
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Table 4.1 
Demographic Profile of the respondents 

 Frequency Percentage (%) 

Nationality   

Indian 287 87.76 

Foreign 40 12.24 

Total 327 100 

Gender   

Male 181 55.35 

Female 
Total 

146 
327 

44.65 
100 

Age   

Below 20 years 28 8.56 

20 to 35 years 108 33.03 

36 to 50 years 147 44.95 

51 years and more 
Total 

44 
327 

13.46 
100 

Marital Status   

Married 178 54.43 

Unmarried 
Total 

149 
327 

45.57 
100 

Occupation   

Service 160 48.90 

Self-employed 86 26.30 

Student 35 10.70 

Retired 
Total 

46 
327 

14.10 
100 

Educational Background   

Below Graduate 80 24.46 

Above Graduate 186 56.88 

Above Post-Graduate 
Total 

61 
327 

18.66 
100 

Destination known through   

Tour operator 125 38.22 

Internet/Websites 111 33.94 

Recommendation 
Total 

91 
327 

27.84 
100 

Number of days stayed   

Less than 2days 209 63.91 

3 to 4 days 96 29.36 

More than 4 days 
Total 

22 
327 

6.73 
100 

Purpose of visit   

Leisure/Holidays 295 90.21 

Visiting friends & relatives 32 9.79 

Business 
Total 

0 
327 

0 
100 
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Table 4.1 shows the socio-demographic characteristics of tourists’ visiting homestays in 

Darjeeling hills.  Most of the visitors are the domestic tourists’ accounted for 87.76 % and 

foreign tourists’ 12.24%. In terms of tourists’ gender, the males and females accounted for 

55.35% and 44.65% respectively. Most of the visitors’ visited the destination are “36 to 50 

years” group followed “20 to 35 years”, “51 years and more”, “below 25 years”. Among them 

54.43% of the visitors are married and the remaining 45.57 % are unmarried. In respect of the 

occupation, most of the tourists’ are service holders which accounted for 48.90% followed by 

self-employed (26.30%), retired (14.10%) and students (10.70%). The destinations are known 

by the tourists’ through tour operators 38.22%, internet/websites 33.97%, and recommendation 

by friends and families 27.84%. The majority of the tourists’ stay in homestays are less than two 

days which is 63.91% followed by three to four days 29.36% and more than four days 6.73%. 

90.21% of the visitors’ visited Darjeeling homestays are for holidays and leisure tours and 

9.79% to meet friends and family. None of the visitors visited for business purposes. The 

56.88% of visitors are above graduate followed by 24.46% below graduate and 18.66% above 

post-graduate.  

4.8 Mean score of scale items 

The mean scores of each item which are associated to respective constructs i.e. Service Quality 

(SQ), Safety & Security (SAF), Accessibility (ACC), Destination Image (DI), Tourists’ 

Satisfaction (SAT) and Behavioural Intention (BI) are shown in Table 4.2  

4.8.1 Service Quality (SQ) 

In case of service quality, table 4.2 reported the highest mean score of SQ5 which is 3.4801 

followed by SQ3 (3.4740), SQ (3.4220), and the lowest mean score of SQ4 is 3.3945. Though, 

the mean score of considering all the items are approximately the same which indicates that 

each and every item in the construct has an equal amount of importance.  
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Table 4.2 
Descriptive Statistics for Latent Constructs 

 Mean Std. Deviation 
SERVICE QUALITY   
SQ3 3.4740 .82061 
SQ4 3.3945 .95947 
SQ5 3.4801 .86091 
SQ6 3.4220 .93625 
SQ7 3.4526 .90841 
ACCESSIBILITY   
ACC1 3.8073 .75304 
ACC3 3.8135 .83192 
ACC4 3.8869 .82301 
ACC5 3.8318 .84314 
ACC6 3.6911 .79840 
SAFETY & SECURITY   
SAF1 4.3517 .81126 
SAF2 4.1009 .76276 
SAF4 4.0703 .74591 
SAF6 4.0336 .70630 
DESTINATION IMAGE   
DI2 4.0948 .75952 
DI4 3.9817 .64086 
DI5 4.0673 .70171 
DI7 4.1621 .66556 
TOURISTS’ SATISFACTION   
SAT2 4.3700 .58673 
SAT3 4.4128 .59462 
SAT5 4.3853 .58470 
SAT6 4.4985 .59587 
BEHAVIOURAL INTENTION   
BI1 4.1009 .56933 
BI2 4.1498 .62085 
BI3 3.8165 .78910 
 

4.8.2 Accessibility (ACC) 

In the case of service quality, table 4.2 has reported the highest mean score of SQ5 which is 

3.4801 followed by SQ3 (3.4740), SQ (3.4220),  and the lowest mean score of SQ4 is 3.3945. 

Though, the mean score of considering all the items are approximately the same which indicates 

that each and every item in the construct has an equal amount of importance.  

4.8.3 Safety & Security (SAF) 

The SAF1 and SAF6 reported the mean score of 4.3517 and 4.0336 which are the highest and 

the lowest among the items in the construct. The mean score of SAF2 (4.1009) and SAF 
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(4.0703) are also reported. The average mean score is approximately four indicating the 

relevance in the construct. 

4.8.4 Destination Image (DI) 

The mean score of the items in the destination image is DI7 (4.1621) followed by DI2 (4.0948), 

and DI5 (4.0673).  The average mean score taking altogether from the items is near about four 

which implicitly infers that the destination image is to the maximum extent explained by its 

indicators. 

4.8.5 Tourists’ Satisfaction 

The mean score of SAT2, SAT3, SAT5 and SAT6 are 4.3700, 4.4128, 4.3853, and 4.4985 

respectively. The SAT6 has the highest mean score and SAT2 has the lowest mean score among 

the indicators in the construct. 

4.8.6 Behavioral Intention (BI) 

The indicators BI1, BI2, and BI3 have reported the mean score of 4.1009, 4.1498, and 3.8165 

respectively.  BI2 and BI3 are the highest and lowest mean score respectively in the construct. 

4.9 Validity tests and Reliability Analysis 

In the previous chapter, the conceptual model and theoretical framework have been developed 

taking into account the different constructs. Based on past literature and theory, the constructs in 

the model have been identified. Furthermore, the different hypotheses for the study have been 

framed and shown in a diagrammatic presentation of the model. In this chapter, discussions of 

reliability and validity analysis have been presented. Before testing the hypothesis, the 

reliability and validity need to be reported to examine the research instruments. Based on the 

scales of measurement which are reliable and valid the hypotheses testing can be undertaken.  

The discussions presented in this chapter are divided into different sections. The socio-

economic demographic profile of the visitors visiting Darjeeling homestays has been reported 
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including nationality, gender, age, marital status, occupational service, educational background, 

and identification of destinations, the number of days stayed, and the purpose of visit. This is 

followed by a detailed description of the analyses to test the reliability and validity of the 

measurement constructs. The reliability measures are examined with Cronbach’s Alpha, scale 

composite reliability, Exploratory Factor Analysis (EFA), and Confirmatory Factor Analysis 

(CFA).    

Choi (2010) emphasized the significance of reliability and validity in the development of scale 

items and data collection. Reliability is the degree to which the constructs are free from random 

errors. Sekaran and Bougie (2016) pointed out the four methods to estimate the reliability of 

measurements. They are the test-retest method, split-half method, parallel or alternative form 

method, and Cronbach’s alpha coefficient method.  The first three methods have criticized with 

plenty of limitations as pointed out by Davis (2000). The alternative form method is impractical 

and costly (Zulnaidi, 2008); the test-retest reliability may generate lower reliability (Davis, 

2000); whereas the split-half method would yield different co-efficient of reliability depending 

on the way the elements are divided. The limitation of other methods can be overcome using 

Cronbach’s Alpha. The Cronbach’s Alpha is considered as a practical and most frequently used 

method in the field of social science research to assess the internal consistency within the items. 

The rule of thumb of the cut-off value of Cronbach’s Alpha is 0.70 as prescribed by Hair et al., 

(1998). Additionally, the value of 0.80 is considered good to measure the internal consistency of 

the items in constructs.  

Validity is defined as the degree to which a measurement assesses what it is supposed to 

measure (Choi, 2010). To ensure construct validity, various tests are conducted. They are uni-

dimensionality, reliability, convergent validity, discriminant validity, nomological validity, and 

content validity that are addressed in the subsequent sections. 
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4.10 Exploratory Factor Analysis (EFA) 

Exploratory factor analysis is conducted to extract the underlying dimensions of service quality, 

accessibility, destination image, safety & security, tourists’ satisfaction, and behavioral 

intention. To ensure the appropriateness of factor analysis, several assumptions are to be met 

(Hair et al., 1998) such as i) the correlation and the covariance matrix is not an identity matrix 

ii) the Barlett test of sphericity ensure the significant correlation among the variables in the 

correlation matrix iii) the Kaiser-Meyer Olkin measures of sampling adequacy (MSA) is 

another measure to quantify the appropriateness of factor analysis. The value of MSA below 

0.50 is not acceptable. The number of factors to be extracted is based on eigenvalue which 

indicates the percentage of variability in the variances explained by a factor, and the 

significance of factor loadings. Factors having an eigenvalue of more than 1 are to be 

considered significant. Furthermore, the factor solution of more than 60% variance explained is 

considered to be satisfactory. To avoid the cross-loading of items among the factor, rotation of 

factors must be done. It could be either orthogonal if factors are uncorrelated, or oblique if 

factors are uncorrelated.  

Many of the researchers have considered factor analysis as exploratory and are used effectively 

in studying the structure of the set of variables (Chong, 2008). The questionnaire in this study is 

based on past studies and a few additional questions have also been incorporated based on the 

belief and perception of the researcher to describe each construct based on a comprehensive 

theoretical rationale. Furthermore, it is suggested by Ng et al., (2008) that the CFA has to be 

carried out to provide greater support for the reliability and validity of the factors. In this study, 

EFA using principal component analysis is carried out to determine the extent of items 

correlated with the factors. 

4.11 Exploratory Factor Analysis of the Constructs  

The Principal Component Analysis (PCA) is conducted using Varimax rotation to validate the 

underlying structure of the dimensions in this study. The study proposed six major dimensions 

which are service quality, safety & security, accessibility, destination image, tourists’ 
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satisfaction, and behavioral intention of the tourists’. Furthermore, Exploratory Factor Analysis 

is performed on all 36 items. To retain relevant factors, items having poor factor loading have 

been discarded from the study. The loading of items having at least 0.5 on the factor is retained 

for further study. In the process of validation, 9 items (i.e. SQ1, SQ2, ACC2, ACC7, SAF3, 

SAF5, DI1, DI3, DI6, SAT1, and SAT4) with poor factor loadings on the respective constructs 

have been discarded (Hoang et al., 2006: Sit et al., 2009). 

The results of the Varimax rotation using EFA have resulted in the emergence of six significant 

factors with eigenvalues more than one and those have been retained. The items are 

significantly loaded in their respective constructs. In addition to that, the Kaiser-Meyer-Olkin 

(KMO) measure of sample adequacy value of all the items is greater than 0.6 which indicates 

that the sample size used in the study is significant enough to draw the inference. Apart from 

that, Bartlett’s test of Sphericity is also found to be significant which indicates that there is 

adequate inter-correlation among the items. In brief, it indicates that the correlation matrix or 

covariance matrix is not an identity matrix.  Therefore, it can be inferred that the factor loadings 

are deemed robust in enhancing the constructs' validity of the scales (Churchill, 1979; Xie, 

2011). 

Finally, the coefficient is also been tested to measure the internal consistency of the measures 

individually for the constructs. The value of Cronbach's alpha has been reported in table 4.3.  It 

is to be noted that the value of Cronbach’s alpha should be greater than 0.7 as recommended by 

different researchers. It is interesting to note that, the value of Cronbach’s alpha for all the 

constructs is found to more than the threshold limit (i.e. 0.7). The factors Cronbach’s alpha as 

reported are service quality (0.874), accessibility (0.840), safety & security (0.843), destination 

image (.836), tourists’ satisfaction (0.834) and behavioural intention (0.815). 
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Table 4.3 
Rotated Component Matrix of the factors derived from EFA 

 Service 
Quality 

Accessibility Safety & 
Security 

Destination 
Image 

Tourists’ 
satisfaction 

Behavioural 
intention 

SQ3 .788 .059 -.085 .101 .020 .042 
SQ4 .829 -.045 .017 .077 .048 .072 
SQ5 .777 .036 -.020 .026 .174 .110 
SQ6 .827 .032 -.009 .020 -.099 .023 
SQ7 .823 -.039 .038 .045 .148 .036 

ACC1 .052 .772 .173 .109 .111 .022 
ACC3 -.089 .757 .125 .086 .150 .007 
ACC4 .017 .739 .162 .048 .083 .099 
ACC5 .053 .792 .090 .044 .153 .077 
ACC6 .011 .734 .077 .069 .029 -.046 
SAF1 .016 .185 .749 .131 .236 .119 
SAF2 .006 .209 .754 .067 .164 .152 
SAF4 -.041 .135 .813 .107 .135 .046 
SAF6 -.054 .130 .772 .113 .209 .101 
DI2 -.002 .108 .089 .752 .226 .083 
DI4 .134 .106 .052 .737 .116 .106 
DI5 .066 .047 .102 .856 .096 .010 
DI7 .063 .080 .149 .813 .161 .055 

SAT2 -.004 .183 .157 .187 .722 .106 
SAT3 .078 .134 .212 .158 .765 .139 
SAT5 .152 .096 .184 .159 .733 .146 
SAT6 .082 .140 .213 .160 .777 .053 
BI1 .099 .078 .188 .055 .146 .840 
BI2 .010 .173 .161 .091 .093 .845 
BI3 .160 -.113 .029 .098 .140 .815 

% of 
Variance  
Explained 

 
25.85 

 
13.85 

 
8.94 

 
7.92 

 
6.08 

 
5.07 

Eigen 
Value 

6.46 3.46 2.23 1.98 1.52 1.27 

Cronbach’
s Alpha 

.874 .840 .843 .836 .834 .815 

i) KMO =.853, Bartlett’s  Test of Sphericity =3862.80, p<0.000 
ii) Extraction Method: Principal Component Analysis.   Rotation Method:Varimax with 

Kaiser Normalization, rotation converged in five iterations 

 
It is also reported from table 4.3 that among the six factors, the first factor i.e. service quality 

has the highest eigenvalue amounting to 6.46 and accounted for 25.85% of the total variance 

followed by the accessibility having eigenvalue equal to 3.46 and accounted for 13.85% of the 

total variance. The eigenvalue of safety & security is 2.23 and accounted for 8.94% of the total 

variance followed by the destination image eigenvalue around 1.98, which accounted for 7.92% 

of the total variance. The eigenvalues of tourists’ satisfaction and behavioral intention are 1.52 
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and 1.26 respectively. They accounted for 6.08% and 5.07% of the total variance explained. 

Overall, 67% of the total variance is explained by the factors as shown in table 4.3. 

4.12 Testing of Univariate and Multivariate normality  

As it is known that SEM is based on variance and covariance matrix. The assumption of 

normality in the data set is the most important assumption to work with because it is based on 

Maximum Likelihood Estimation (MLE). Before analyzing the data, both statistical 

assumptions and assumptions relating to SEM, the sample size to be analyzed as well 

(Fotopoulos & Psomas, 2009; Hair et al., 2006; Lee et al., 2010 and Lu et. al., 2005). The 

opinions regarding the sample size given by the different researchers have already been 

discussed in this chapter.  

SEM is more sensitive to the distributional characteristics of the data, particularly the departure 

from the multivariate normality or having strong skewness and kurtosis in the data. Yuan et al., 

(2005) has asserted that the lack of multivariate normality can considerably inflate the value of 

chi-square statistics and yield an upward bias in the critical values when determining the 

significance of coefficients. In this study, the integration of three approaches the Mahalanobis D 

square, skewness and kurtosis are analyzed and reported. The three indices are to be adopted 

while studying the distribution of variables (Finney & DiStefana, 2006; Xie, 2011) and they are 

univariate skewness, univariate kurtosis, and multivariate kurtosis. The skewness and kurtosis 

are reported in table 4.4  
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Table 4.4 
Univariate Normality: Skewness and Kurtosis of the variables 

Variable Skewness Kurtosis Variable Skewness Kurtosis 
SQ3 -0.600 0.700 DI2 -0.707 0.911 
SQ4 -0.648 0.038 DI4 -0.964 3.269 
SQ5 -0.372 -0.145 DI5 -0.894 2.237 
SQ6 -0.93 0.618 DI7 -0.882 2.721 
SQ7 -0.793 0.227 SAT2 -0.398 -0.160 

ACC1 -0.445 0.098 SAT3 -0.45 -0.676 
ACC3 -0.537 0.356 SAT5 -0.331 -0.717 
ACC4 -0.483 -0.020 SAT6 -0.735 -0.434 
ACC5 -0.597 0.233 BI1 -0.189 0.839 
ACC6 -0.476 0.421 BI2 -0.341 0.476 
SAF1 -1.137 0.642 BI3 -0.414 -0.111 

     SAF2 -0.545 -0.081 
   SAF4 -0.514 0.033 
   SAF6 -0.623 0.752 
    

From table 4.3, it is evident that most of the variables are negatively skewed. Kline (2005) has 

suggested that the kurtosis value ranging from 8 to 20 may be taken as indicating a more and 

extreme level of departure from normality. He has also suggested the value of skewness more 

than 3 (absolute value) is considered an extreme level of skewness. Therefore, the skewness of 

most of the variables in the data is under the threshold limit of 3 and kurtosis of less than a cut-

off limit of 8. So, it can be concluded from Table 4.4 that the data in the study do not violate the 

assumption of univariate normality.  

Furthermore, the excessively large sample size does not require testing the multivariate 

normality. Though, in this study, the sample size is not very large but can be considered 

adequate so far as the application of SEM is concerned. Therefore, testing multivariate 

normality is essential, otherwise, the assumption of SEM may be violated. The statistical tools 

such as Analysis of Moment Structure (AMOS) which is based on variance and covariance 

matrix, the testing of multivariate analysis is mandatory. DeCarlo (1997) suggested that kurtosis 

is relevant than skewness in the context of SEM because kurtosis impacts tests of variance and 

co-variances, whereas skewness has a greater impact on means. Since, as per her opinion, one 
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must give more attention to the issue of kurtosis rather than skewness, when evaluating whether 

the data depart from normality.  

Bentler (1980) suggested that the value of multivariate kurtosis (Mardia’s coefficient) greater 

than 5 treated as indicative of departure from normality and the critical ratio value less than 1.96 

indicates that there is no significant kurtosis. In this study, Mardia’s coefficient (multivariate 

kurtosis) is 4.572 which is less than the threshold limit of 5, and the critical ratio of 1.125 which 

is less than 1.96. Therefore, the assumptions of multivariate normality are also been established 

which is reported in  Appendix 3. 

4.13 Measurement Model 

4.13.1 Confirmatory Factor Analysis (CFA) 

 CFA is a statistical analysis that is conducted to estimate and test the hypothesized 

measurement model for all latent variables having more than one observed indicator. CFA is 

used to test whether measures of the constructs are consistent with the researcher's 

understanding of the nature of that construct or factor. In other words, the objective of the CFA 

factor is to test whether the data fit the hypothesized measurement model. The hypothesized 

model is based on theories of previous past researches. The CFA differs from EFA on the 

ground that later does not have a hypothesis of latent factors and relationships among the latent 

variables and observed variables. In brief, the EFA is conducted when the researcher does not 

have any idea about the number of factors to be extracted and has no theoretical premise. Unlike 

EFA, CFA is based on theories based on previous research and the number of factors to be 

extracted is known. The number of items or observed variables is taken into consideration based 

on the underlying latent constructs.  

 There are certain assumptions to test the hypothesized measurement model with the theoretical 

model in CFA. In other words, whether the data support the theory is analyzed through CFA. 

Some of the assumptions of data to conduct the CFA are: 
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i)                    Multicollinearity: Multicollinearity is a general phenomenon that can 

generate strange, misleading, or un-interpretable results when a set of independent variables are 

highly correlated with one another in predicting the dependent variable (Diamantopoulos & 

Siguaw, 2000; Pedhazur &S chmelkin, 1991). The problem of multicollinearity exists in the 

SEM in the case where nonlatent variables or observed indicators are highly correlated with one 

another resulting in misleading the researcher in interpreting the results. So far as the CFA is 

concerned, the observed items are to be loaded into the pre-determined constructs. But the 

observed items in different constructs should not be highly correlated with another to avoid the 

problem of multicollinearity.  

ii)                  Multivariate normality: The CFA assumes the data in the data set are 

normally distributed. The estimation of the parameter through CFA is based on the MLE 

method. Different statistical tools can be applied to test the normality in the data set. The 

researchers can apply the measures of central tendency to test the normality in the data set. The 

Z value of Skewness and Kurtosis should be between -1.96 to +1.96.  

4.13.2 Confirmatory Factor for latent constructs 

In this study, the CFA is performed to establish the unidimensionality, convergent validity as 

well as discriminant validity of individual latent constructs, (Hair et al., 1998). In addition to 

that, the CFA is also performed to confirm the factor structure developed from the EFA because 

the researcher has complete control over the specification of items in each construct. Besides 

that, the test of goodness of fit for the proposed model can be evaluated using CFA. There are 

various measures that are used to validate the measurement model (Reisinger and Turner, 1999). 

Ridgon (1998) suggested the three indices must be taken into account while considering the 

model fit indices. It includes chi-square statistics, the RMSEA (Root Mean Square of 

Approximation), and the Comparative Fit Index (CFI).  

The chi-square statistic test is conducted to see whether the sample covariance matrix is 

equivalent to the model-implied matrix within-sample error. The RMSEA attempts to minimize 
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the impact of sample size and to shift the research focus from exact fit to approximate fit. 

Bentler (1990) has developed the Comparative Fit Index (CFI) to measure model fit relative to 

another model, that performs well with all sample sizes. 

4.14 The overall fit of the measures 

Hair et al., (1998) have suggested that there is no single statistical test to describe the best the 

predictive power of a structural model. Therefore, Byrne (2013) has supported that 

determination of indices which are acceptable estimators of goodness-of-fit and very complex 

as particular indices are analyzed differently based on the sample size, the estimation procedure, 

the model complexity, the violation of the assumption of multivariate normality, and the 

variable independence. So, it is the beliefs of the researchers applying their understandings to 

consider the relevant indices and also to what degree the described fit is considered good 

(Ulrich, 2009). Therefore the combination of different measures may be adopted to evaluate the 

overall goodness-of-fit of the Structural Model. Among the measures deployed in the study 

include absolute fit measures, incremental fit measures, and the parsimonious fit measures 

(Jöreskog & Sörbom, 1998). 

4.14.1 Absolute Fit Measure 

Absolute measure fit determines how well a model fits the sample data (McDonald and Ho, 

2002). It is a fundamental indication of how well the proposed theory fits the data. In other 

words, the extents of the overall model both measurement and structural in predicting the 

observed co-variance is determined by absolute measure fit (Hair et al., 1998). Chi-squared test, 

RMSEA (Root Mean Square Error of Approximation), Goodness of fit statistic (GFI) Adjusted 

Good of Fit statistic (AGFI), Root Mean Square Residual (RMR), and the Standardised Root 

Mean Square Residual (SRMR).    
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4.14.1.1Chi-Square test (χ2) 

Chi-square statistic is a traditional measure for evaluating the overall model fit and evaluate the 

magnitude of the discrepancy between the population covariance matrix and sample covariance 

matrix (Hu and Bentler,1999). A good model fit would provide an insignificant result at 0.05 

thresholds (Barett, 2007). Though, it is bound to have some limitations. Firstly, the test assumes 

multivariate normality, and deviation from normality affects the value of chi-square even if the 

model is perfectly specified (Mclntosh, 2007). Secondly, the chi-square value is sensitive and 

normally rejects the model if large samples are used (Bentler and Bonnet, 1980; Jöreskog and 

Sörbom, 1993). On the other hand, if the sample is small in size, then it lacks power because it 

does not discriminate between the good fit model and a poor fit model (Kenny and McCoach, 

2003). Due to its limitation, another alternative is sought by different researchers’ i.e. relative 

chi-square, which is derived by formula (χ2/df). 

4.14.1.2  Root Mean Square Error of Approximation (RMSEA)  

RMSEA tells how well,  unknown but optimally chosen parameter estimates would fit the 

population covariance matrix (Byrne, 2013). It is a square root of the mean of the square 

residuals which is the mean of the residual between the observed and estimated input matrix 

(Hair et al., 1988). It ranges from 0 to 1. The lower is the value, the better the goodness of fit. 

One of the major advantages of RMSEA is that its ability for the confidence interval to be 

calculated around its value (MacCallum et al., 1996).  

4.14.1.3 The Goodness of Fit Index (GFI) and the Adjusted Goodness Fit Index (AGFI) 

GFI is the proportion of variance that is accounted for by the estimated population co-variances 

(Tabachnick and Fidell, 2007). It is a measure of fit between the hypothesized model and the 

observed covariance matrix. AGFI is related to GFI, which adjusts the GFI based on the degrees 

of freedom with more models reducing fit (Tabachnick and Fidell, 2007). Both the indices range 
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between zero (poor fit) to 1 (perfect fit) and the higher the index, the better the model fit. It is 

universally accepted to have a value of 0.90 to indicate the good fit model (Hair et al., 1998). 

4.14.1.4 Root Mean Square Residual (RMR) and the Standardised Root Mean Square 

Residual (SRMR).    

The Root Mean Square Residual (RMR) and Standardised Root Mean Square Residual (SRMR) 

are the square roots of the difference between residual and covariance matrix and hypothesis 

covariance matrix. The problem of having questionnaire items with varying likert scales can be 

solved using SRMR rather than RMR.  

4.14.2 Incremental Fit Indices  

Incremental fit indices are the group of indices that do not use the value of chi-square in its raw 

form but compares with its baseline. It is hypothesized that all variables are uncorrelated 

(McDonald and Ho, 2002). Examples of Incremental Fit Indices are the Normed Fit Index (NFI) 

and the Comparative Fit Index (CFI). 

4.14.2.1 Normed Fit Index (NFI) 

The Normed fit Index (NFI) assesses the model by comparing the chi-square value of the model 

with the chi-square value of the null model. Though it is widely used, it has been proved that it 

underestimates the goodness of fit of a model with small samples and it ranges from zero (poor 

fit) to 1 (perfect fit). The higher the value of the index, the better is the goodness of fit.  

4.14.2.2 Comparative Fit Index (CFI) 

Comparative Fit Index (CFI) is an advanced form of NFI, which has the advantage to deal with 

even if the sample size is small (Tabachnick and Fidell, 2007). Like NFI, it assumes that all the 

factors are uncorrelated and compared the sample covariance matrix with a null model. The 

value ranges from 0 to 1. The higher the value of the index, the better is the goodness of fit of 

the model. 
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4.14.3 Parsimony Fit Indices (PGFI) 

Parsimony model indices take into account the complexity (i.e. the number of an estimated 

parameter) of the hypothesized model in the assessment of overall model fit. PGFI considers the 

measures of goodness of fit of the model (as measured by GFI) and parsimony of the model 

thereby providing a more realistic evaluation of the hypothesized model (Mulaik et al.,1989). 

The PGFI seriously penalizes the complexity of the model, hence its value is comparatively 

lower. No threshold limits for these indices are recommended. Though its value is based on GFI 

and AGFI and it is recommended that if the value of GFI and AGFI is more than .90, it is 

expected that the value of PGFI ranges near about .50. 

4.15 Composite Reliability (CR)  

Reliability measures the consistency of scale and considered Cronbach’s alpha as a widely used 

estimator of tests and scales (Peterson and Kim, 2013). Though, it is criticized by a lot of 

researchers for being a lower bound and hence criticized for underestimating the true reliability. 

Therefore, in an alternative to coefficient alpha, the composite reliability is considered reliable 

in conjunction with SEM.  

Cronbach’s alpha assumes scale items are uni-dimensional and items in the scale are equally 

related to the constructs, and hence interchangeable. Since the loadings in the constructs are not 

the same as in practice, composite reliability is considered to be the reliable measure to assess 

the reliability. When the true reliability estimates are computed using SEM, the resulting 

estimates are truly referred to as composite reliability (CR). The advantage of using the SEM 

approach includes better estimates of reliability using CR rather than coefficient alpha because 

loadings in a construct are allowed to vary whereas the loadings for coefficient alpha are 

constrained to be equal. Therefore, SEM can access and overcome some of the limitations of the 

alpha coefficient (Raykov, 2001). There is hardly any difference between alpha coefficient and 

composite reliability if scale items i) measure the same single constructs, ii) have the same 

factor loading, and iii) there are no error co-variances. In brief, fluctuation in the factor loading 
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leads to unveiling a huge difference between coefficient alpha and composite reliability. In the 

study, the factor loadings in a construct are bound to differ as seen in table 4.5, the composite 

reliability (CR) is considered to be the most relevant assessment.  

CR =   (∑ 𝜆𝑖)
2n

i=1

(∑ 𝜆𝑖)
2n

i=1 +(∑ 𝛿i)
n
i=1

 

The Construct reliability is calculated using the above formula. In other words, it is calculated 

by dividing the sum of the square of standardized factor loadings of each construct ( 𝜆𝑖) by the 

sum of the square of factor loadings of each construct plus the sum of error variance term of the 

construct(𝛿i). The error variance is referred to as delta. 

4.16 Content validity 

The content validity is referred to as the extent to which the measurement unveils the especially 

the domain of the content (Carmines & Zeller, 1979). To establish content validity, the inter-

item correlation must not be too high. Choi (2010) has pointed out that the high loadings (>.90) 

and high inter-item correlation (>0.80) should be avoided because high inter-item correlation 

implies that each item adds minimum information to describe the factor. Table 4.5 has shown 

that the highest correlation coefficient 0.59 which is less than the threshold limit of 0.90.  
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Table 4.5 
Standard Loading, Squared Multiple correlations, AVE and CR 

 
 

Constructs Items Item 
reliability 

 
Standard 

factor 
loading 

 
 
 

Squared 
Multiple 

correlations 

Average 
Variance 
Extracted 

(AVE) 

Composite 
Reliability(CR) 

 
 

Service 
Quality SQ7 0.79 

 
 
 

0.63 

 
 
 

0.58 

 
 
 

0.87 
 SQ6 0.75 0.57   
 SQ5 0.80 0.54   
 SQ4 0.74 0.64   
 SQ3 0.73 0.53   
 

Accessibility 
ACC6 0.63 

 
 

0.40 

 
 

0.64 

 
 

0.84 
 ACC5 0.77 0.60   
 ACC4 0.70 0.49   
 ACC3 0.72 0.52   
 ACC1 0.76 0.58   
 
 

Safety & 
Security SAF6 0.75 

 
 

0.56 

 
 

0.57 

 
 

0.85 
 SAF4 0.78 0.56   
 SAF2 0.75 0.57   
 SAF1 0.78 0.61   
 

Destination 
Image DI7 0.81 

 
 

0.65 

 
 

0.56 

 
 

0.84 
 DI5 0.81 0.66   
 DI4 0.67 0.45   
 DI2 0.72 0.52   
 

Tourists’ 
satisfaction SAT6 0.77 

 
 

0.59 

 
 

0.56 

 
 

0.83 
 SAT5 0.73 0.54   
 SAT3 0.79 0.63   
 SAT2 0.70 0.49   
 

Behavioural 
Intention BI3 0.82 

 
 

0.48 

 
 

0.58 

 
 

0.80 
 BI2 0.69 0.67   
 BI1 0.85 0.72   
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Table 4.6 
Correlation Matrix of Constructs (Standardised)  

Constructs SQ ACC SAF DI SAT BI 

SQ 0.762 0.002 0.000 0.032 0.045 0.039 

ACC 0.044 0.802 0.216 0.073 0.176 0.044 

SAF 0.007 0.465 0.760 0.130 0.354 0.155 

DI 0.180 0.271 0.361 0.752 0.242 0.061 

SAT 0.214 0.420 0.595 0.492 0.748 0.165 

BI 0.198 0.211 0.394 0.248 0.407 0.764 

Note- Value below the diagonal are standardised correlation estimates, above the diagonal are 
squared correlation and the diagonal represents the square root of AVE in each construct. 

4.17.1 Convergent Validity 

So far the convergent validity is concerned, Byrne (1994) and Xie (2011) have stressed to have 

strong loading of the indicators with the relevant items. Furthermore, Fornell and Larcker 

(1981) recommended the three conditions must be ensured to establish the convergent validity 

after conducting CFA. These are as below: 

i)        All the factor loadings of the indicators are (λ) must be significant; 

ii)      The composite reliability (CR) noted as (𝛅), which measures the internal 

consistency of the indicators measuring the given factor must exceed 0.70 (Bagozzi & 

Yi, 1988) 

iii)    Average Variance Extracted (AVE) of each of the constructs must be above 0.50 

(Kline 1988) 

From table 4.5, the results show that all the items in the study are perfectly loaded in the 

relevant constructs. The t-value associated with each item in the constructs are significant at 

0.05 levels. All the variables are significantly related to their specified constructs. In addition to 

that, the estimates of the reliability and variance-extracted measures of each construct are 

evaluated to make sure the specified indicators are sufficient to replicate the constructs. The 

results of standard loadings, squared multiple correlations, AVE, and the CR have also been 

reported in table 4.5. The value of CR ranges from 0.80 to 0.87 exceeding the threshold limit of 

0.70. Furthermore, the AVE of the latent constructs ranges from 0.56 to 0.64. It also exceeded 
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the minimum cut-off limit of 0.50 which measures the amount of variance for the specific 

indicators captured by the latent constructs in comparison to variance due to the random 

measurement error. This indicates that the relevant constructs are sufficiently explained by the 

indicators taken together. Apart from that, the squared multiple correlations of the individual 

items also range from 0.40 to 0.72 exceeding the minimum cut-off limit of 0.3. It is also shown 

in the table 4.5 that the CR of each construct is more than the AVE in respective constructs 

(Hair et al. 2013). The results supported the convergent validity of the scale. Average Variance 

Extracted can be computed using the formula given below 

 

 (AVE) = ∑ 𝝀𝒊
𝟐𝐧

𝐢=𝟏

𝐧
 

It is calculated by the square of standardised factor loadings (λ) of each item in a construct 

divided by the number of items in each construct (n). 

4.17.2 Discriminant Validity 

The discriminant validity is “the extent to which constructs are truly distinct other constructs 

(Hair et al., 2010). According to Ooi et al., 2013, to establish the discriminant validity the 

correlation among the constructs that highlight a set of indicators anticipated to evaluate the 

different latent constructs must not be too high (>0.90). In table 4.6, the highest correlation 

between the constructs is 0.59 which is lesser than the threshold limit of 0.90. Apart from that, 

Byrne (1994) opined that the discriminant validity is said to be established, if the AVE of both 

the constructs is more than the square of its correlation. In table 4.6 it is unveiled that all the 

square root of AVE estimates of each construct are greater than the corresponding inter 

construct correlation estimates. Therefore, the test of discriminant validity is established in the 

CFA. Furthermore, the Maximum Shared Variance (MSV) and Average Shared Variance 

(ASV) have also been calculated to support the discriminant validity. To establish discriminant 

validity, the AVE of each construct must be greater than MSV and ASV.  
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Maximum Squared Shared Variance (MSV) is the maximum amount of variance shared by a 

construct with other latent constructs. On average, the construct is said to be valid if the AVE of 

latent constructs is greater than the maximum variance it shared with other latent constructs. It 

is calculated by squaring the maximum covariance it shared with other latent constructs. 

Average Squared Shared Variance (ASV) is an average of all squared variance of latent 

constructs with other latent constructs. It is calculated by adding all the squared of its co-

variances a latent variable shared with other latent constructs divided by a number of indicators 

in the construct. It is shown in table 4.7 

 
Table 4.7 

Comparison of AVE, MSV, and ASV 
 

Constructs 
Average Variance 
Extracted(AVE) 

Maximum Shared 
Square Variance 

(MSV) 

Average Squared 
Shared Variance 

(ASV) 

 
Service Quality 0.58 

 
0.04 

 
0.02 

 
Accessibility 0.64 

 
0.22 

 
0.10 

 
 

Safety & Security 0.57 
 

0.36 
 

0.17 
 
 

Destination Image 0.56 

 
 

0.24 

 
 

0.10 
 

Tourists 
Satisfaction 0.56 

 
 

0.36 

 
 

0.19 

 
Behavioural 

Intention 0.58 

 
 

0.17 

 
 
 

0.09 
 

In table 4.7, it is unveiled that the AVE of all the latent constructs is greater than the 

corresponding MSV and ASV. Therefore, it can be concluded from the analysis that the 

discriminant validity is perfectly established in CFA. 
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4.18 Nomological Validity 

Nomological validity is intended to establish the association among the theoretical constructs 

(Malhotra et al., 2006). The correlation matrix is showed in table 4.6 to establish the 

theoretically predicted correlation among the constructs (both exogenous and endogenous 

variables) in the model. It is also examined to address the serious problem of multi-collinearity 

in the model. Therefore, it can be concluded that the model has established nomological validity 

because the correlation among the constructs has not exceeded the limit of 0.90 (Hair et al., 

1998). 

4.19 Measurement Model  

The purpose of Measurement Modeling (MM) is to make sure about the linkage of exogenous 

and endogenous constructs with their respective indicators. In other words, MM is the part of 

the model that examines the relationship between the constructs and their respective measures. 

The Principal Component Analysis (PCA) using varimax rotation is conducted initially to 

ensure to identify the number of underlying dimensions. Some of the items are deleted in this 

process based on poor loading. Thereafter, the CFA is conducted to ensure the linkage of 

indicators in their respective constructs. The reliability and validity of each construct are also 

tested. In brief, the models are modified and rearranged to fit the data. The hypothesized 

measurement model is tested using CFA followed by SEM is discussed in chapter 5. 

The indices of measurement model fit statistics have been discussed individually in the previous 

section of the present chapter. The results of the measurement of model indices show a good fit. 

The value of relative chi-square Chi-square/df is 1.717 which is less than 3. The Root Mean 

Square of Approximation is 0.047 which is lower than the threshold limit of 0.80.  The value of 

the Good Fit Index (GFI) and the comparative Fit Index (CFI) are 0.903 and 0.949 which are 

above the acceptable limit of 0.90. Therefore, the measurement model has established construct 

validity. The SEM testing and confirmation now can be undertaken.  
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Figure 4.1 

Diagram of Confirmatory Factor Analysis of all the latent constructs 
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Table 4.8 
Measurement Model: Fit Statistics 

Fit Indices Recommended Results 

Relative Chi-Square Less than or equal to 3.0 1.717 

Goodness of Fit Index (GFI) Greater than or equal to 0.90 0.903 

Comparative Fit Index (CFI) Greater than or equal to 0.90 0.949 

RMSEA Less than or equal to 0.08 0.047 

4.20 Conclusion 

The chapter has delved into the research method that is used in the study. Initially, the EFA is 

conducted to assess the loading of the items in the respective constructs following which the 

CFA is conducted to assess the relationship of the items with the respective constructs.  The 

reliability and validity of different constructs are also reported separately. The Composite 

Reliability, Content validity, Construct Validity, Convergent Validity, Discriminant Validity, 

Nomological Validity are established using the methods that are followed in psychometric 

literature. The rationale of Measurement Modeling is to establish the relationship of exogenous 

and endogenous constructs with their individual indicators. In other words, the MM inspects the 

connection between the constructs taken in any study and the individual measures taken to 

encompass the domain of the construct. As a first step, the Principal Component Analysis 

(PCA) using orthogonal rotation(Varimax) is applied to the data set to identify the underlying 

dimensions in the data and the factor loadings in order to eliminate the items with poor factor 

loadings. In the second phase of this study, the CFA is employed to demonstrate that the items 

load distinctly with the respective dimensions or the respective constructs. Needless to mention 

that the reliability and validity of each construct are also examined thoroughly taking into 

consideration various methods of validity that are to be done for any scientific measurement 

model. The findings of measurement of model indicators show the overall fit of the model may 

be considered adequate. The value of relative chi-square, GFI, and CFI are satisfactory to apply 

the SEM technique.  
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