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Research Methods

Week 6&7 – Moving 
beyond the Basics

Validity and Reliability

Dr. Helen Lee



Agenda 

Upon completion of the class, you should be able to 
understand 

➢Reliability

Cronbach‘s Alpha

➢Validity

• Criterion validity

• Construct validity





Reliability 
(Consistency)

• To measure the internal consistency of a scale or test

• Cronbach’s Alpha is adopted to reflect the level of internal 
consistency. 



Reliability (internal consistency) is not sufficient 
in confirming a good measurement, because a 
reliable measure may not necessarily be valid. If 
an instrument shows satisfactory reliability, then 
it would be expected that satisfactory validity 
estimates would also be achievable. So, it is 
important to ensure validity of data (Froman, 
2000; Hair et al, 2003 )

Reliability (Internal Consistency)



• Once you have created your summative or 
composite variables, check for reliability using 
the Cronbach Alpha score

• Where:

N = the number of items.

c̄ = average covariance between item-pairs.

v ̄ = average variance.

Reliability

https://www.statisticshowto.datasciencecentral.com/arithmetic-mean/
https://www.statisticshowto.datasciencecentral.com/covariance/
https://www.statisticshowto.datasciencecentral.com/probability-and-statistics/variance/


Reliability 
Covariance vs. Variance 

• Covariance and variance are used to measure the distribution of 
points in a data set. 

• However, variance is typically used in data sets with only one variable 
and indicates how closely those data points are clustered around the 
average. 

• Covariance measures the direction of the relationship between two 
variables. A positive covariance means that both variables tend to be 
high or low at the same time. A negative covariance means that when 
one variable is high, the other tends to be low.



Reliability

Reliability in SPSS 

• Step 1: Click “Analyze,” then click “Scale” and then click 
“Reliability Analysis.”
Step 2: Transfer your variables (q1 to q5) into “Items,”. The 
model default should be set as “Alpha.”
Step 3: Click “Statistics” in the dialog box.
Step 4: Select “Item,” “Scale,” and “Scale if item deleted” in 
the box description. Choose “Correlation” in the inter-item box.
Step 5: Click “Continue” and then click “OK”.



Reliability 
test



https://www.statisticshowto.datasciencecentral.com/cr

onbachs-alpha-spss/

https://www.statisticshowto.datasciencecentral.com/cronbachs-alpha-spss/
https://www.statisticshowto.datasciencecentral.com/cronbachs-alpha-spss/
https://www.statisticshowto.datasciencecentral.com/cronbachs-alpha-spss/
https://www.statisticshowto.datasciencecentral.com/cronbachs-alpha-spss/
https://www.statisticshowto.datasciencecentral.com/cronbachs-alpha-spss/
https://www.statisticshowto.datasciencecentral.com/cronbachs-alpha-spss/


Reliability Test





Exercise time 

•Please run Reliability Test for the following 
items 

•OC1-4 

•EP1-4

•AC1-4



EP1-4



OC1-4



EP1-4



EP1-4



AC1-4



AC1-4



JS1-5

CR <0.7 



JS1-5



Chan, et al (2021). https://myjms.mohe.gov.my/index.php/ijssr/article/view/16701/8789

How to present the Cronbach’s Alpha ? 

https://myjms.mohe.gov.my/index.php/ijssr/article/view/16701/8789


Activity





Ensuring Validity in 
Qualitative Research
Qualitative Research – Researcher Subjectivity 

Concern

• Use a robust analysis and explain that clearly 
in your research.

• Share some conclusions with some interview 
participants to ensure that your conclusions do 
not deviate from their described experiences .

• When interviews were conducted in languages 
other than English, validity concerns must be 
addressed.



Types of Validity
• Construct Validity  - evaluates whether a measurement tool really 

represents the thing we are interested in measuring. It’s central to 
establishing the overall validity of a method (Factor Analysis, 
Correlation) e.g. measurement of job satisfaction

• Content Validity – assesses whether a test is representative of all 
aspects of the construct (Critical value or Centent validity index)

• Face Validity  - evaluates the suitability of the content of a test 
superficially. It’s similar to content validity, but face validity is a 
more informal and subjective assessment. (Questionnaire design)

• Criterion Validity -  evaluates how well a test can predict a concrete 
outcome, or how well the results of your test approximate the 
results of another test. (Correlation) 



Construct Validity

➢Factor Analysis 
(KMO)

Re-cap (From W4)

Criterion Validity

➢Pearson’s coefficient 
(r) 

➢Critical values for 
Pearson’s coefficient 



VALIDITY (Accuracy)

We do Criterion Validity 

Re-cap (From W4)



Data Validity

“Validity determines whether the research truly measures 
what it was intended to measure or how truthful the 
research results are. In other words, does the research 
instrument allow you to hit “the bull’s eye” of your 
research object?” (Joppe, 2000, p.1).

To achieve validity, two forms of analyses would be
carried out:

• Correlation Analysis (for Construct validity), and

• Factor Analysis



Correlation Analysis

•  Understanding how to run Correlation 
Analysis

• Correlation ranges between -1 and +1

+ve correlation = X correlates  positively with Y

-ve correlation = X correlates negatively with Y



Correlation Analysis

• Correlation Analysis  can be used to:

1. Understand inter-item correlation of 
measurement items (or variables) for a construct. 
Checking the commonality between the items 
(variables) for a construct (factor).

2. To understand the degree of correlation between 
the constructs.



Correlation Analysis

• Correlation analysis of the measurement variables should be 
done before doing the factor analysis (Rummel, 1970; 
Rietveld & Van Hout, 1993).

• The correlation technique should be used to check the 
strength and direction of associations between variables, and 
validate data to ensure parsimony towards (Hair et al, 1992): 

❑ Checking the strength of the relationships,

❑ Examining the statistical significance of the relationships

• Near zero values indicate weak relationships, while values nearer to 
+1 or -1 suggest stronger relationship (Field, 2005)



• A Pearson correlation is a 
number between -1 and +1 that 
indicates to what extent 
2 metric variables are linearly 
related. 

• A Pearson's correlation 
coefficient (r) is a measure of 
the strength of the 
association between the two 
variables.

• It does not matter which 
measuring units the variables 
are in (can be different scales) 
as long as the relation is linear

Correlations

https://www.spss-tutorials.com/spss-correlation-analysis/

https://www.spss-tutorials.com/spss-correlation-analysis/
https://www.spss-tutorials.com/spss-correlation-analysis/
https://www.spss-tutorials.com/spss-correlation-analysis/
https://www.spss-tutorials.com/spss-correlation-analysis/
https://www.spss-tutorials.com/spss-correlation-analysis/
https://www.spss-tutorials.com/spss-correlation-analysis/
https://www.spss-tutorials.com/spss-correlation-analysis/
https://www.spss-tutorials.com/spss-correlation-analysis/


The correlation between two variables X and Y is defined as the covariance of X 

with Y (covarXY) 

divided by the product of the standard deviation of X (stdevX) and the standard 

deviation of Y (stdevY):

r = covarXY/(stdevX·stdevY).

r = covarX,Y/ σXσY

• Variance: the mean value of all the differences from the mean multiplied by 
themselves (=squared)

• Covariance: The mean value of all the pairs of differences from the mean for X 
multiplied by the differences from the mean for Y.

• If X and Y aren't closely related to each other, they don't co-vary, so the 
covariance is small, so the correlation is small.

Correlations



The correlations on the main 

diagonal are the correlations 

between each variable and itself -

which is why they are all 1 and not 

interesting at all. 

The 10 correlations below the 

diagonal are what we need. As a 

rule of thumb,a correlation is 

statistically significant if its “Sig. 

(2-tailed)” < 0.05.

You would report a correlation like 

this:



Correlation Analysis can also be used to:

To gauge relationship (association) between two 
factors. In other words, to test hypotheses.

• Correlation Analysis is not adequate for testing
hypotheses because it does not consider 
associated multi-collinearity factors. Thus, 
discriminant validity cannot be ensured.



Factor 
Analysis 



Factor Analysis

• As Gorsuch (1983) commented, “all scientists are 
united in a common goal: they seek to summarise 
data so that the empirical relationships can be 
grasped by the human mind” (p. 2). 

• Factor Analysis:

1. Analytical approach designed to analyze 
interrelationships (Reyment & Joreskog, 1993), 

2. a number of related statistical techniques which 
help determine characteristics that go together 
(Bryman & Cramer, 1990).



Factor Analysis

• In other words, factor analysis involves a set of 
procedures, and enables the reduction of number of 
variables into a smaller set of factors. It involves 
determining the latent variables for a factor (Field, 
2009)

• Factor analysis enables the researcher: (1) gain a 
clear view of the data, and (2) use the output in 
subsequent analyses (Rummel, 1970; Field, 2000; 
Rietveld & Van Hout, 1993; Field, 2005).



Types of Factor Analysis 

• Confirmatory Factor Analysis (CFA) - a quantitative data analysis 
method that assesses the fit between observed data and a 
theoretically grounded model specifying the causal relations between 
latent factors and their observed variables.

• Exploratory factor analysis (EFA)  - a statistical method used to 
identify the underlying relationships between a large number of 
observed variables by reducing them into fewer latent factors. EFA 
aims to clarify the structure of data, helping to explain variance and 
revealing meaningful patterns among correlated variables.

CFA & EFA  



Principal Component Analysis 

• A technique to reduce dimensionality without loss of important 
information (variance) 

• To identify the directions (principal components) of maximum 
variance, while capturing the remain orthogonal 
(uncorrelated) variance.

• Eigenvector (The directions of Max. var of PC) and Eigenvalues 
(Amount of variance each component explains)



Factor 
Analysis







Determinant 
>.00001



Factor Analysis 
KMO is used to measure the proportion of variance 
among variables  SHOULD BE GREATER THAN 0 .7



No.of factor 
groupings
By eligvalues 



No. of Groupings by screen plot
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Factor Analysis 

Component Matrix 
Loading factor should 

be greater than >.4 

Component Matrix loading 
factor indicates relationship 
between observed variable 

and the principal component



Factor Analysis 

How many factor groups should 
be categorized  ? 

Initial Elgenvalues >1



Factor Analysis 

How many factor groups should 
be categorized  ? 

Initial Elgenvalues >1



How many factor groups should 
be categorized  ? 

Initial Elgenvalues >1
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Identify those factors 
with low factor 

loadings 



Factor analysis

How to facilitate the groupings ? 

Exclude those factor loadings and re-run the 
factor analysis again.



Factor analysis

Groupings after 
excluding those factor 
loadings below 0.4



• C) Or we can run a Principal Component Analysis 
(PCA)

A PCA reduces a larger set of variables to one or more  index variables which are 

called components

In essence it extracts a linear composite variable from observed variables.

PCA tries to achieve the optimal number of components, the optimal choice of 

measured variables for each component, and the optimal weights.

Principal Components are the underlying structure in the data. They are the directions 
where there is the most variance, the directions where the data is most spread out.

PCA requires a large sample size, 200 upwards for good results

If different scales, use the correlation matrix.

Use Kaiser-Meyer-Olkin (KMO) Measure to establish sample adequacy ( value 

should be larger than 0.6 and as close to one as possible)

Use Bartlett’s test to reject the null hypothesis that the correlation matrix is an 

identity matrix, i.e. all diagonal elements are 1 and all of diagonal elements are 

0. To reject this your p value should be significant.



• Run a PCA on the HBAT data set. Include all metric (interval) 
variables

• Use the correlation matrix as not all scales are the same.

• Ensure you tick the box for Scree plot

• Use Direct Oblim as a rotation method (as in the social sciences 
we need to assume that constructs are to some extent 
interrelated)

• Save components with Eigenvalues over 1 



Principal Component Analysis looks for the axis in data 
where the variance is highest, i.e. data is most spread out

Interpreting Output

Eigenvectors and Eigenvalues

The axis with the widest variance is called the Eigenvector. It is a 

direction, and does not change even if the data is transformed, e.g. scaled. 

Each Eigenvector has an Eigenvalue which shows how much variance there 
is in the data in that direction (how spread out the data is on the line). The 
eigenvector with the highest eigenvalue is therefore the principal component.

Adapted from: 
https://georgemdallas.wordpress.com/2013/10/30/principal-
component-analysis-4-dummies-eigenvectors-eigenvalues-and-
dimension-reduction/

https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
https://georgemdallas.wordpress.com/2013/10/30/principal-component-analysis-4-dummies-eigenvectors-eigenvalues-and-dimension-reduction/
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The number of components extracted is equal to the number of 
variables

•  Kaiser suggested  that only components with eigenvalues of 1 and 
above are retained. 

•  Also  look the scree plot of the eigenvalues and identify points of 
inflection

• To look at the total variance explained by the retained factors 
(should be about 70%)

Interpreting Output



Activity



Way forward 
T-Test and 
ANOVA
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