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Types of data and measurement scale



Variate
The variate is a linear combination of variables with empirically 
determined weights.
Weights are determined to best achieve the objective of the 
specific multivariate technique.
Variate equation:   (Y’) = W1 X1 + W2 X2 + . . . + Wn Xn
Each respondent has a variate value (Y’).
The  Y’ value is a linear combination of the entire set of 
variables.  It is the dependent variable.
Example Independent Variables:

X1 = income                  X2 = education
X3 = family size             X4 = ??



Measurement Error

In addressing measurement error, researchers evaluate 
two important characteristics of measurement:

● Validity  =  the degree to which a measure accurately 
represents what it is supposed to.

● Reliability  =  the degree to which the observed 
variable measures the “true” value, each and every 
time same.



Example 

● Attitude of student towards a Lecturer

● Organization of materials

● Lecturer’s ability to communicate material

● The presentation style

● Knowledge of the subject

● Responsiveness

● Punctuality



Difficulties in Attitudinal Scale

● Which aspects of a situation or issue should be 

included when seeking to measure an attitude?

● What procedure should be adopted for combining 

the different aspects to obtain an overall picture?

● How can one ensure that a scale really is 

measuring what it is supposed to measure?



Types of Multivariate Techniques

Dependence techniques:  a variable or set of variables is 
identified as the dependent variable to be predicted or 
explained by other variables known as independent variables.
● Multiple Regression
● Multiple Discriminant Analysis
● Logit/Logistic Regression
● Multivariate Analysis of Variance (MANOVA) and Covariance
● Conjoint Analysis
● Canonical Correlation
● Structural Equations Modeling (SEM)



Types of Multivariate Techniques

Interdependence techniques:  involve the simultaneous 
analysis of all variables in the set, without distinction 
between dependent variables and independent variables.

● Principal Components and Common Factor Analysis
● Cluster Analysis
● Multidimensional Scaling (perceptual mapping)
● Correspondence Analysis





Likert Scale

Self- report technique for attitude measurement in which the subjects are asked their 

degree of agreement and disagreement with each of statements.

The summing score is the total attitude score, is the Likert scale.

Most people can be trusted.

Strongly agree5_ Agree4_ Undecided3_ Disagree2_ Strongly disagree1

Any body select 1 to 5

Take other similar items- to find out general attitude of indication

Add the total score- the top 25% - the most favourable attitude and bottom 25%- the 

least favourable attitude toward the topic being studied;

Assumption – Each statement on the scale has equal attitudinal value, importance



The Lecturer Strongly 
Agree

Agree Uncertain Disagree Strongly 
Disagree

1. Knows subject well

2. Is unenthusiastic about teaching

3. Shows concern for students

4. Makes unreasonable demands

5. Has poor communication skills

6. Knows how to teach

7. Can explain difficult concepts in simple terms

8. Is hard to approach

9. Is liked by some students and not by all

10. It is difficult to get along with



The Lecturer Strongly 

Agree

Agree Uncertain Disagree Strongly 

Disagree

1. Knows subject well Q Ã

2. Is unenthusiastic about teaching Ã Q

3. Shows concern for students Q Ã

4. Makes unreasonable demands Ã Q

5. Has poor communication skills Ã Q

6. Knows how to teach Q Ã

7. Can explain difficult concepts in simple terms Q Ã

8. Is hard to approach QÃ

9. Is liked by some students and not by all Q Ã

10. It is difficult to get along with Ã Q



Calculations

Statement        1  2  3  4  5  6  7  8  9  10

Respondent Q:  5+5+3+5+5+4+5+3+2+5= 42

Respondent Ã  1+2+1+2+2+2+4+3+2+3 =22

The analysis shows that overall respondent Q has a more positive attitude towards 

the lecturer than respondent Ã .

Strong Negative Mild Negative Mild Positive Strong Positive

10                                20                                30                                 40                    50



Multiple Regression Analysis

■ The premise behind multiple regression analysis is 

consistent with that of simple regression analysis: to 

determine the association or relationship between 

dependent and independent variables. 

■ In multiple regression analysis, more than two variables 

are included in examinations. 

■ The dependent and independent variables must be 

interval-scaled to use this technique. 



Factor Analysis

MDA identifies groups of attributes on which individual objects differ. 

Factor analysis groups attributes that are alike. 

This technique can be used to examine interrelationships among many 

variables and to explain these variables in terms of their common 

underlying and unobservable dimensions (called “factors”).

Researchers use factor analysis to reduce the information contained in 

several original variables into a smaller, more manageable set of variables 

while losing as little information as possible.



Factor Analysis

While there is no distinction between dependent and independent 

variables when using this analysis technique, data must be gathered from 

interval scales.

The factor model that is used for calculations is:

where Fi = estimate of the ith factor

Wi = weight or factor score coefficient

Xi = dependent variables



Factor Analysis

Exploratory Factor Analysis



History



Factor Analysis

Factor Analysis is a general name denoting a class of 

procedures primarily used for data reduction and 

summarization.

In research, there are a large number of variables which are 

extensively correlated and must be reduced to a manageable 

level.

Relationships among sets of many interrelated variables are 

examined and represented in terms of a few underlying factors.



Factor Analysis

■ Factor analysis is used in the following circumstances: 

■ To identify underlying dimensions, or factors, that 
explain the correlations among a set of variables.  

■ To identify a new, smaller, set of uncorrelated 
variables to replace the original set of correlated 
variables in subsequent multivariate analysis 
(regression or discriminant analysis).  

■ To identify a smaller set of salient variables from a 
larger set for use in subsequent multivariate analysis. 



Two approaches to Factor Analysis:
● Exploratory Factor Analysis (EFA) seeks to uncover the underlying 

structure of a relatively large set of variables. The researcher has a 

priori assumption that any indicator may be associated with any factor. 

This is the most common form of factor analysis. There is no prior 

theory and one uses factor loadings to intuit the factor structure of the 

data.

● Confirmatory Factor Analysis (CFA) seeks to determine if the number of 

factors and the loadings of measured (indicator) variables on them 

conform to what is expected on the basis of pre-established theory. 

Indicator variables are selected on the basis of prior theory, and factor 

analysis is used to see if they loaded, as predicted, on the expected 

number of factors.



Exploratory Factor Analysis

Exploratory Factor Analysis (EFA) aims to partition a given set of

variables into groups in such a way that the correlations within

group variables is relatively high and between group variables are

relatively low. Groups of variables are called factors and they tend

to represent constructs. It is also known as data or variable

reduction technique.



Conducting Factor Analysis

Construction of the Correlation Matrix

Method of Factor Analysis

Determination of Number of Factors

Determination of Model Fit

Problem formulation

Calculation of Factor Scores

Interpretation of Factors

Rotation of Factors



Conducting Factor Analysis

Objective: To determine benefits from toothpaste

Responses were obtained on 6 variables:

1. V1: It is imp. to buy toothpaste to prevent cavities

2. V2: I like a toothpaste that gives shiny teeth

3. V3: A toothpaste should strengthen your gums

4. V4: I prefer a toothpaste that freshens breath

5. V5: Prevention of tooth decay is not imp 

6. V6: The most imp consideration is attractive teeth

Responses obtained on a 7-pt scale: (1 = strongly

disagree to 7 = strongly agree)



Data so obtained



Lets generate dataframe

dat1=data.frame(

v1=c(7,1,6,4,1,6,5,6,3,2,6,2,7,4,1,6,5,7,2,3,1,5,2,4,6,3,4,3,4,2),

v2=c(3,3,2,5,2,3,3,4,4,6,4,3,2,6,3,4,3,3,4,5,3,4,2,6,5,5,4,7,6,3),

v3=c(6,2,7,4,2,6,6,7,2,2,7,1,6,4,2,6,6,7,3,3,2,5,1,4,4,4,7,2,3,2),

v4=c(4,4,4,6,3,4,3,4,3,6,3,4,4,5,2,3,3,4,3,6,3,4,5,6,2,6,2,6,4,7),

v5=c(2,5,1,2,6,2,4,1,6,7,2,5,1,3,6,3,3,1,6,4,5,2,4,4,1,4,2,4,2,7),

v6=c(4,4,3,5,2,4,3,4,3,6,3,4,3,6,4,4,4,4,3,6,3,4,4,7,4,7,5,3,7,2))

Find correlation matrix

cormat=cor(dat1)



Correlation matrix

cormat=cor(dat1)

cormat3=round(cormat,3)

cormat3



The unique factors are uncorrelated with each other and with the 
common factors.  The common factors themselves can be 
expressed as linear combinations of the observed variables.

Fi = Wi1X1 + Wi2X2 + Wi3X3 + . . . + WikXk

where

Fi = estimate of i th factor

Wi = weight or factor score coefficient

k = number of variables 

Factor Analysis Model



■ It is possible to select weights or factor score 
coefficients so that the first factor explains the largest 
portion of the total variance.  

■ Then a second set of weights can be selected, so that 
the second factor accounts for most of the residual 
variance, subject to being uncorrelated with the first 
factor.  

■ This same principle could be applied to selecting 
additional weights for the additional factors.

Factor Analysis Model



Statistics Associated with Factor Analysis
■ Correlation matrix.  A correlation matrix is a matrix 

showing the simple correlations, r, between all possible 
pairs of variables included in the analysis.  The diagonal 
elements, which are all 1. 

■ cormat=cor(dat1)
■ Bartlett's test of sphericity.  Bartlett's test of sphericity

is a test statistic used to examine the hypothesis that the 
variables are uncorrelated in the population.  In other words, the 

population correlation matrix is an identity matrix; each variable correlates perfectly 
with itself (r = 1) but has no correlation with the other variables (r = 0). 

■ library(psych)
■ cortest.bartlett(cormat,6)



■ Communality.  Communality is the amount of variance a 
variable shares with all the other variables being considered.  
This is also the proportion of variance explained by the 
common factors. 

■ Eigenvalue.  The eigenvalue represents the total variance 
explained by each factor. 

■ Factor loadings.  Factor loadings are simple correlations 
between the variables and the factors. 

■ Factor loading plot.  A factor loading plot is a plot of the 
original variables using the factor loadings as coordinates. 

■ Factor matrix.  A factor matrix contains the factor loadings 
of all the variables on all the factors extracted. 

Statistics Associated with Factor Analysis



■ Factor scores.  Factor scores are composite scores estimated for 
each respondent on the derived factors. 

■ Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy.  
The Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy is an 
index used to examine the appropriateness of factor analysis.  High 
values (between 0.5 and 1.0) indicate factor analysis is appropriate.  
Values below 0.5 imply that factor analysis may not be appropriate. 

■ Percentage of variance.  The percentage of the total variance 
attributed to each factor. 

■ Residuals are the differences between the observed correlations, as 
given in the input correlation matrix, and the reproduced correlations, 
as estimated from the factor matrix. 

■ Scree plot.  A scree plot is a plot of the Eigenvalues against the 
number of factors in order of extraction. 

Statistics Associated with Factor Analysis



library(psych)  is needed

Kaiser-Meyer-Olkin (KMO) sampling adequacy

KMO (cormat)

Bartlett's test of sphericity.  Bartlett's test of 
cortest.bartlett(cormat,30)



Factors   Fi = Wi1X1 + Wi2X2 + Wi3X3 + . . . + WikXk

1 2 3 4 5 6

v1 -.620 .390 0.668 -0.129 -0.021 0.00

v2 -.841 .437 -0.234 0.198 0.089 0.00

v3 .787 -.605 0.103 0.054 0.034 0.00

v4 .768 .262 0.544 0.214 0.038 0.00

v5 -.685 -.675 0.240 -0.082 0.107 0.00

v6 .804 .525 -0.146 -0.217 0.099 0.00

Eigen Value 3.414 1.509 .887 .158 .032 0.00

% var 56.904 25.149 14.784 2.625 .537 0.00

Cumulative 56.904 82.054 96.838 99.463 100.000 100.000



Selection of nos of factors to be retain

● eigen(cormat)$values

● 2.78380139 1.91341040 0.64810180 0.36171518 

0.20686703 0.08610421



■ In principal components analysis, the total variance in the data is 
considered. Principal components analysis is recommended when the 
primary concern is to determine the minimum number of factors that will 
account for maximum variance in the data.
pc1 = pca(cormat, nfactors = 2)
pc1$loadings
eval=(pc1$values)

plot(eval, xlab="Principle components", ylab="variance explained", 
main="Scree plot" )
lines(eval,col="red", lwd=2)

■ In factor analysis, the factors are estimated based only on the common 
variance.  This method is appropriate when the primary concern is to 
identify the underlying dimensions and the common variance is of interest.  
This method is also known as principal axis factoring. 

Conducting Factor Analysis
Determine the Method of Factor Analysis



Run factor analysis

fa1 <- factanal(dat1, factors = 2)

print(fa1, sort=TRUE, cutoff=0.0) 
Loadings:

Factor1 Factor2

v1  0.967  -0.054 

v3  0.893  -0.152 

v5 -0.887  -0.031 

v2 -0.020   0.819 

v6  0.073   0.782 

v4 -0.173   0.495

Factor1 Factor2

SS loadings      2.555   1.553

Proportion Var 0.426   0.259

Cumulative Var 0.426   0.685



Correlation plot with two unrotated factors

Axes are called reference 

axes. In figure, the horizontal 

axis represents the first factor 

and vertical axis the second 

factor. The scale on the axes 

indicates the factor loading 

and varies from -1.0 to +1.0 

The item on anxiousness (A2) 

for example has a load of -

0.841 on the first factor and 

0.437 on the second. 



Factor Rotation

It may be apparent that the two 

axes do not run as close as they 

could to the points representing 

the variables. If we rotate the 

axes around their origin, then 

these two axes could be made to 

pass nearer to these points as 

shown in the figure.

Axes may be rotated in one of two ways; at a right angle to each other, as is the 

case in figure above. This is known as orthogonal rotation. The factors are 

independent with one another.



Factor Rotation

Second, the factors may be 

allowed to be related and to 

vary from being at right 

angles to one another, as 

illustrated in Figure. This is 

known as oblique rotation. 

The advantage of this 

method is that the factors 

may more accurately reflect 

what occurs in real life.



Orthogonal Rotation

Factor 1 2

Tense .717 -.147

Anxious .909 -.267

Relaxed -.987 .108

Depressed -.372 .721

Happy .027 -.961

Dull -.216 .935 In SPSS it is called varimax



Oblique Rotation

1 2

Tense -.732 -.275

Anxious -.943 -.428

Relaxed .990 .286

Depressed .499 .776

Happy -.204 -.950

Dull .386 .959 In SPSS it is called direct oblimin



Scale construction and naming

The results of the factor analysis are used to determine which items should 

be combined to form the scale for measuring a particular construct. Items 

loading highly on the relevant factor and not on the other factors should be 

used to form the scale. Generally higher scores on the scale indicate 

greater quantities of the variable being measured. The numerical codes for 

negative statement the responses should have to be reversed to reflect the 

factor. For instance, the numerical codes for the anxiety items A1 and A2 

need to be reversed so that strong agreement with these items is re-coded 

as 5. The items will be added to form a factor and the proper naming of the 

factor should be done.


