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e Change SPSS Language

« How to import data file to SPSS

« How to label data in SPSS?

* How to compute a mean variables?
e Construct Validity

e Construct Reliability
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How to import data file to
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How to label data in SPSS?
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Defining variables

 "Untitied! (DataSetd) - V53 Data diter
o £k Viw Outa Tinstom Aodhe Grhs Wtktes Wedow Heb

SHE M Bh N BER 7 Q8
Tpe | Vo | s | Lol | Vi | Mooy | Cloms | My | Mo “

[



MIDOCEA \

UNIVERSITY'

Uit £) [Databe] - P55 Poka Lt . X

PUAE oo Wb A BER 5 00

mnmmmmlmmmm
T Rt o




MIDOCEA|

UNIVERSITY

ta *computer_parts.sav [
File Edit View Data Transform Analyze DirectMarketing Graphs  Utilities Add-ons  Window  Help
| Name Type Label Values Missint
1 name String +«—— STRING VARIABLE None
2 :weight Numeric <— None
3 date Date “— None
4 time Date “— None
: NUMERIC VARIABLES
5 datetime Date “— None
6 :commission (!) —— None None
7 price Dollar G None None
8




@ Sample Data.sav [DataSet1] - IBM SPSS Statistics Data Editor
File Edt View Data Transform  Analyze  Direct Marketing

IE\?O

U NI E RS I T

- O X

Graphs  Utilitles  Extensions Window  Help

1HRE @ e u X

&a%@ H

e 1

mi O 4

h | Decimals  Label | Values | Missing  Columns  Align | Measure | Role |
1 1 0 {1, 18- 25)... None 8 == Right il Ordinal N Input r
2 0 {1. Male} .. None 8 = Right &> Nominal ™ Input
g | o {1, Caucasi... None 8 = Right & Nominal N Inpat
4 0 {1. Married}... None 7 = Right & Nominal ™ Input
5 0 {1, Some Hi... None 8 ‘== Right il Ordinal N Input
6 0 {0, No}... None 8 = Right ‘& Norminal “ Input
7 0 None ‘None g8 = Right I Scale K Input
8 0 {1, Rarely/N... None 9 = Right il Ordinal  ~ N lnput4
9 | | | & Scale |
10 ,{l Ordinal
1 & Nominal
12 N
- A 5
B |
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How to Enter Data in SPSS
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How to compute a mean
variables?
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Construct Validity sl
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(Convergent validity = Wil 3uall)
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- What is factor analysis?

Factor analysis Is a very useful and popular method of multivariate
research technique, mostly used in social and behavioral sciences.

This technique Is applicable when there is a systematic interdependence
among a set of observed variables, and the researcher is interested iIn
finding out something more fundamental which creates this commonness.

Factor analysis attempts to represent a set of observed variables X1, X2 ....
Xn in terms of a number of ‘common' factors. The common factors
(sometimes called latent variables) are hypothetical variables which
explain why a number of variables are correlated with each other -- it Is
because they have one or more factors in common.
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 What is factor analysis? Contd..

Factor analysis seeks to resolve a large set of measured variables in terms
of relatively few categories, known as factors.

This technique allows the researcher to group variables into factors (based
on correlation between variables), and the factors so derived may be
treated as new variables (often termed as latent variables) and their value
derived by summing the values of the original variables which have been
grouped into the factor.

The meaning and name of such variable is subjectively determined by the
researcher.
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 Some concepts used in factor analysis

Factor- It is an underlying dimension that accounts for several observed
variables.

Factor loadings- are those values which explain how closely the variables
are related to each one of the factors discovered. It is the absolute size of
the loadings that is important in the interpretation of a factor.
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 Some concepts used in factor analysis. Cont.

Communality shows how much of each variable is accounted for by the
underlying factor taken together. A high value of communality means that
not much of the variable is left over after whatever the factors represent is
taken into consideration.

Eigenvalue (or latent root) sum of squared values of factor loadings
relating to a factor. It indicates the relative importance of each factor in
accounting for the particular set of variables analyzed.

Rotation- reveals different structures in the data and provides meaning to
the results of factor analysis.
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4 d KEEPING THINGS SIMPLE

« Factor analysis (FA) is all about simplification.
A method that allows us to understand large quantities of observable

variables in terms of a smaller number of unobservable variables.

« FA and PCA (principal components analysis) are methods of data
reduction
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(
d KEEPING THINGS SIMPLE

« Take many variables and explain them with a few "factors" or
‘components™

« Regardless of purpose, factor analysis is used In: the determination of a
small number of factors based on a particular number of inter-related
quantitative variables.

* In FA, correlated variables are grouped together and separated from
other variables with low or no correlation
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(
d STEPS IN FACTOR ANALYSIS

 Factor analysis usually proceeds in four steps:

1st Step: The correlation matrix for all variables is computed.
2nd Step: Factor extraction.

3rd Step: Factor rotation.

4th Step: Make final decisions about the number of underlying factors.
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¢ 1st Step: the correlation matrix

Generate a correlation matrix for all variables

Identify variables not related to other variables

If the correlation between variables are small, it is unlikely that they
share common factors (variables must be related to each other for the
factor model to be appropriate).

Think of correlations in absolute value.

Correlation coefficients greater than 0.4 in absolute value are indicative
of acceptable correlations.

Examine visually the appropriateness of the factor model.




1st Step: the correlation matrix

+ Example
X1
X2 0.580
X3 0.201
X4 0911
X5 0.283
X6 0.287
X7 -0.533

X2

0.364
0.834
0.166
0.261

-0.609

X3

0.439

-0.704
-0.681
-0.649

X4

0.163
0.202
-0.676

X5

0.990
0.427

MIDOCEA

UNIVERSI

X6

I
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4 »2nd Step: Factor extraction

Initial decisions can be made here about the number of factors underlying a set of
measured variables.

* Estimates of initial factors are obtained using Principal Components Analysis.

* The principal components analysis is the most commonly used extraction method.
Other factor extraction methods include:

Maximum likelihood method

Principal axis factoring

Alpha method

Unweight least squares method

Generalized least squares method

Image factoring.

KQQQQQQ




MIDOCEA \

UNIVERSITY'

* 3rd Step: Factor rotation.

Un-rotated factors are typically not very interpretable (most factors are
correlated with many variables).

Factors are rotated to make them more meaningful and easier to interpret
(each variable is associated with a minimal number of factors).

Different rotation methods may result in the identification of somewhat
different factors. The most popular rotational method is Varimax
rotations yielding uncorrelated factors
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*» 4th Step: Making final decisions

The final decision about the number of factors to choose Is the number
of factors for the rotated solution that is most interpretable.

To identify factors, group variables that have large loadings for the same
factor..

Interpret factors according to the meaning of the variables
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S STATISTICS ASSOCIATED WITH FACTOR
ANALYSIS

Bartlett's test of sphericity. Bartlett's test of sphericity Is used to test
the hypothesis that the variables are uncorrelated in the population (i.e.,
the population corr matrix is an identity matrix)

Communality. Amount of variance a variable shares with all the other
variables. This iIs the proportion of variance explained by the common

factors.

Eigenvalue. Represents the total variance explained by each factor.
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The most common method

eigenvalue >1 approach
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< FACTOR LOADINGS

If we had a factor loading of 80 it means 80% of variance In responses
to that indicator is attributable to that variable

The remaining variance is due to either systematic or random sources of
variation

Factor loadings above .6 are desirable
Factor loadings > .4 are acceptable
Factor loadings < .4 are not desirable
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Based on Kaiser, (1960), factor loadings that are less than 0.5 were ignored and deleted
from the construct

The eigenvalue of 1 or greater than 1 indicates better variation that to be explained by a
factor.

In social science, the accepted cumulative variance is 60% (Hair, et al., 2006).

The average communalities, based on the criterion of Kaiser that indicates when the
sample size is greater than 250, the average communalities should be equal to or
greater than 0.6. The extracted communalities average was calculated by dividing the
sum of all communality values on the total number of items.
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EXAMPLE 1

High Factor Loading

Variable Factorl/ Factor2 Factor3 Factord Factor5b Factord Communality
X1 -0.928 0.253 0.008 0.143 0.073 -0.220 1.000
X2 0.795 0.255 -0.027 0.030 1.000
X3 -0.936 0.131 0.105 0.093 0.252 0.153 1.000
X4 0.789 0.203 0.113 0.043 1.000
X5 0.869 0.119 0.023 0.085 1.000
X6 0.177 0.871 0.026 -0.060 1.000

Medium Factor Loading

-0.009

Low Factor Loading
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S STATISTICS ASSOCIATED WITH FACTOR
ANALYSIS

Factor loadings. Correlations between the variables and the factors.
(weights W)

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

Scree plot A scree plot is a plot of the Eigenvalues against the number
of factors in order of extraction.
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* TYPES OF FACTOR ANALYSIS

Exploratory analysis (EFA) attempts to discover the nature of the
constructs infusing a set of responses.

Confirmatory factor analysis (CFA) tests whether a specified set of
constructs Is infusing responses in a predicted way
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There are two types of factor analysis.

Confirmatory.
[t 1s confirmatory when you want to test
specific hypothesis about the structure or the

number of dimensions underlying a set of
variables (1.e. i your data you may think
there are two dimensions and you want to

verify that).

Exploratory
It 1s exploratory when you do not have a pre-
defined idea of the structure or how many
dimensions are in a set of variables.
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Exploratory Factor Analysis
(EFA) In SPSS
HLESLY) laladl Jalacil
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HOW TO CARRY OUT FACTOR ANALYSIS IN SPSS?

m Access the maimn dialog box by using the Analyze=Data Reduction=Factor menu path.
Sunply select the variables you want to mclude in the analysis and wransfer them to the
box labelled Variables by clicking on the button.

- -

A-é Factor Analysis » y
Vanables:
7 \Descriptves.. |
# so _Exracton._ |
L rd
& exp ;
& sp
& ec =

Selection Variable.

[ |
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m The Coefficienrs option produces the R-matnx. and the
Significance levels option will produce a mauix indicating

the significance value of each correlation in the R-matrix. & Fector Analysiz: Descriptives =

You can also ask for the Dererminans of this matrix and this | - sisencs- 3

option is vital for testing for multicollinearity or singularity. ¥ Univariate descriptives

KMO and Bartlerts resr produces the Kaiser-Mever-Olkin ¥ Initial solution

measure of sampling adequacy. The value of KMO should be

- b= - rCorrelation Malrix

greater than 0.5 if the sample i1s adequate. _ =
¥ Coeficients 1 Inverse
¥ Significance levels 7| Reproduced
« ‘Determinant 1] Anti-image
& KMO ana Bartletr's test of sphericity

(Gonnve) (Gancet (v | |
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There are several ways to conduct factor analysis.

The Display box has two options: to display the
Unrotared factor solution and a Scree plot. The scree
plot 1s a uscful way of establishing how many factors
should be retamned in an analysis. The unrotated
factor solution 1s useful 1n assessing the improvement
of mterpretation due 1o rotation.

The Extract box provides options pertaining to the
rctention of factors. You have the choice of cither
selecring factors with eigenvalues greater than a user-

specified value or retamning a fixed number of factors.

It is desirable to select factors for which eigenvalues
greater than one.

23 Foctor Anelyss: Extrection

Metod |Pracpalcomponents  * |
AN N6 ~Disgloy
@& Corralaaon matric [¥] Unrotasxca tacior solugon
3 Covadanoe makix @Eﬁ_c:gé:p:
-Catrac
& =3ced on Exgomaluo

Egemiaums pgrmste than !
€ Flxed number of factors
Faciors % axtract:

—_—

Maximum Rterat ons for Convergence: 25

Lnancie Pxtraction

Unwoighica (east souares
“SGANRMSDAO T RAR! ROLAIRR
S M mum 1csincod

PONCipal &% faoanng
AR ha Bscaning

bnage Lachrng
“
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m The interpretability of factors can be improved
through rotation. Rotation maximizes the loading
of each variable on one of the extracted factors

whilst minimizing the loading on all other factors.

m Varimax. quartimax and equamax are orthogonal
rotations whereas direct oblimin and promax are
oblique rotations. The exact choice of rotation
depends largely on whether or not yvou think that

the underlying factors should be related.

miDoceaf]

@ Factor Anabysis: Rotation 4
Method
) None © Quartimax
@) varimax © Equamax
> Direct Oblimin ) Prom
Lielta Kappa |4
~Display

¥ Rotated solution [ | Loading plol{s)

Maximum lterations for Convergence: |25 |

Continue ] _cancel || Help
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© Exclude cases listwise
m By selecting Sorted by size. SPSS will @) Exclude cases Eami_‘nﬁé_é """"""""""""
order the variables by their factor @Eg}pra.:;;m;.;nga; ........................................

loadings. There 1s also the option to
Suppress absolute values less than a —CoalicSent Dispiay Foomal
specified value (by default 0.1). This . _

option ensures that factor loadings within l'_'ﬂ Sonted by size _
+(.1 are not displayed in the output. ¥/ Suppress small coefficients

Absolute value below: | 40

(Continue ] _cancet |[_Heip )
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Interpretation of output from SPSS

OUTPUT 1: Scan the correlation coefficients and look for anv greater than 0.9 If anv
arc lound then you should be aware that a problem could anse because of singulanty
the data.
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m OUTPUT 2: Kaiser and Bartlett test- The KMO statistic varies between 0 and 1. The
value of 0 indicates that factor analysis is likely to be nappropriate for the data. Kaiser
(recommends accepting values greater than 0.5. Furthermore. values between 0.5 and
0.7 are mediocre. values between 0.7 and 0.8 are good. values between 0.8 and 0.9 are

great and values above 0.9 are superb.

m Bartlett's measure tests the null hypothesis that the original correlation matrix 1S an
identity matrix. We want this test to be significant (i.e. have a significance value less
than 0.05).

KMO and Bartlett's Test
Kaiser-Meyar-Olkin Measure of Sampling Adequacy. 806
Bartlett's Test of Approx. Chi-Square 902.985
Sphericity df 120
Sig. 000
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m OUTPUT 3: lists the eigenvalues associated with each hinear component (factor) before
extraction. after extraction and after rotation.

Todal Variance Explained
Inifial Eigervalues Extraction Sums of Squared Loadings Rotaion Sums ol Sguared Loadings

_Comgonsnt | Total % of Variance | Cumulative % Total % of Variance | Cumulative % Total % of Variance | Cumulate %

1 5695 37.065 37 965 § 655 37 065 37 965 3.732 24 879 24 879

z 1913 12,753 50.718 1913 12753 S0.718 2.393 15 4950 ogzg

3 1.385 £.234 549952 13685 9234 55 952 1.583 13.255 541024

4 1 088 ¥.051 6y 004 1 058 ¥ 051 &7 004 1.939 12.9149 67 004

] 845 L£.630 71634

] B2 483 817

7 ET4 4482 B2 608

B 512 3413 BE.022

] 458 2056 B9.078

10 422 2812 91.890

11 316 21058 63 995

2 283 1.884 95 879

13 254 1.G84 67573

14 1586 1.310 98 833

15 68 1117 100.000

Fwira=tinm Matkad Prinsinal Coamanrart ERalseis
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OUTPUT 4 : Commmumnalities and Component matrix.
Communalities Component Matrix®
Initial Extraction Compaonent

agea 1.000 792 | L < 3 &
edu 1,000 548 me :;
sime 1.000 718 mme |

arvi TaT
ine 1.000 730 .

sp A2T
exp 1.000 766 coOsmp 718 527
SR 1.000 639 ar T
ac 1.000 621 ish 872
) 1.000 670 g0 610 441
mo 1.000 784 &m 580 - 420
&M 1.000 692 ra 542
ish 1.000 481 axp 690
rta 1.000 444 ine 410 --B51
cosmp 1.000 805 age -534 588
e 1.000 742 s:e 469 -.442 531 N
&mvi 1.000 620 — _

L Extraction Method: Principal Component Analysis

Extraction Method. Principal

Marmmnanant Anakbeois

a. 4 componants axtractad.



1
MIDOCEAITII

UNIVERSITY

5. Scree plot

m OUIPUTL

Scree FPlot

5=

&—

anjesualiig




m OUTPUT 6: Rotated component matrix

Rotated Component Matrix™

MIDOCEA|

UNIVERSITY

Camponant
2 3 4
| mimp 818
sp 732
ac 709
anvi BTr2
COSMp 852 596
g [& =T i | &6149
isb 447 400
em 805
S0 755
= 523
age -.831
X[ =812
adu 4TS 481
SiIZe 78S
inc i

oo et B adne™

G omponent

> I i
ma Tid
mep Tar
= TAT
e 72T
2-F Tigle 714 Sa7
= [
al a7
=0 L) 441
-t RAn - 470
[F] 54z
=xji fai
| = 1o . |-
ENES - 574 B1=1]
el 198 -4z A3
sl L - 611

Extraction Mathod: Principal Componant Analysis.
Rotation Method: Varimax with Kaiser Normalization.

- P o e el o e ——

I R & T T

Extracton Method: Frinc pal Sompona ntAnaiysis

a. 4 comporiens aslracied
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Reliability

(Cronbach's alpha) n




% Reliability

There are two ways to estimate reliability, the value of both of them
should > 0.7 (Hair et al., 2010).

Composite reliability (CR) differs from Cronbach’s alpha. As, when
calculating reliability of the constructs, CR relies on using measurement
error.

Thus, Composite Reliability (CR) and Cronbach’s Alpha were extracted
and calculated to measure the internal consistency of the constructs
which were adopted for the purpose of the current study.
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*» Cronbach’s alpha

The most common measure of internal consistency (“reliability").
It iIs most commonly used when you have multiple Likert questions in a
survey/questionnaire that form a scale and you wish to determine if the
scale is reliable.

expressed as a number between 0 and 1.
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*» Cronbach’s alpha

Describes the extent to which all the items In a test measure the same
concept or construct and hence it iIs connected to the inter-relatedness of

the 1tems within the test

For example, if a test has a reliability of 0.80, there is 0.36 error
variance (random error) in the scores (0.80x0.80 = 0.64; 1.00 0.64 =

0.36)

Acceptable values of alpha, ranging from 0.70 to 0.95




Example of reporting

* |In Table

(Cronbach’s a = .80; m= 3.34)

Cronbach's alpha
=209
07=<a<09
06=a<07
05=a<06
a<05

Internal consistency
Excellent (High-Stakes testing)
Good (Low-Stakes testing)
Acceptable
Poor

Unacceptable
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Model: tﬁimﬂ = |

Scale label:

[ 0K ]l Paste JMWM

MIDOCEA

UNIVERSITY



Model:

Scale label:
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~Descriptives for ~Inter-ltem

¥/ Item ¥iCorrelations
Scale Covariances
Scale if item deleted

~Summaries ~ANOVA Table

Means ® None
Variances O Ftest
Covariances © Friedman chi-square

Correlations © Cochran chi-square

Hotelling’s T-square [ Tukey's test of additivity
Intraclass correlation coefficient

Model: lTwo—WayMlxed " Type: ICOﬂSlstency "

Confidence interval: |95 %  Testvalue: |0

e
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ﬁﬂutpuﬂ - SPSS Viewer - I:II
File Edit Wew Data Transform Insert  Formak  analvze  Graphs  Uklikies  window  Help
=H Sk @ = o BH=k @ & |
Lt
Reliability Statistics
Cronbach's
Alpha M of tems
I .QDT\E
hkem-Total Statistics
Scale Corrected Cronhach's
Scale Mean if Variance if [term-Tatal Alpha if tem
term Deleted lterm Dieleted Correlation Deleted
™1 G.4000 7.378 .ra9 880
™2 5.9000 F.9849 .Be9 B0
™3 A.89000 100 a8 A11
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'.' SPS5 Processor is ready
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The first important table is the Reliability
Statistics table that provides the actual value

for Cronbach’'s alpha

Reliability Statistics

Cronbach's

Alpha

—

Cronbach's
Alpha Based
on
Standardized
tems

N of tems

805

796

-

9
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"Cronbach’'s Alpha if Iltem Deleted”

We can see that removal of any question, except question 8, would result in
lower Cronbach’'s alpha. Therefore, we would not want to remove these
questions. Removal of question 8 would lead to a small improvement in
Cronbach's alpha, and we can also see that the "Corrected Item-Total
Correlation” value was low (0.128) for this item. This might lead us to
consider whether we should remove this item.

tem-Total Statistics

Scale Corrected Squared Cronbach’'s
Scale Mean ir Variance ir tem-Total Multiple Alpha if item
Iterm Deleted iterm Deleted Correlation Correlation Deleted

Qu 24 .20 45029 633 .588 T67
Quz2 23.93 47 352 520 651 783
Qu3 24 07 46 638 654 899 767
Qu4 23.40 47114 551 823 779
Qus 23.60 51.257 389 573 799
Qub 24 .47 50.695 372 .693 802
Qu’? 24 07 45.210 B15 27 270
| qus | | 24 20 56.457 128 791 823
Qu9 24 07 45 210 589 610 774




*» Cronbach's alpha

* A low value of alpha could be due to a low number of questions, poor
Interrelatedness between items or heterogeneous constructs.

« For example if a low alpha is due to poor correlation between items then
some should be revised or discarded.

 Items with low correlations (approaching zero) are deleted.




¢ Cronbach's alpha

A reliability of .5 means that about half of the variance of the observed
score Is attributable to truth and half is attributable to error.

Low Cronbach's alpha also means that a group of people did not respond
to that set of items consistently




MIDOCEAN

Thank You




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60
	Slide 61
	Slide 62
	Slide 63
	Slide 64
	Slide 65
	Slide 66
	Slide 67
	Slide 68
	Slide 69
	Slide 70
	Slide 71
	Slide 72
	Slide 73
	Slide 74
	Slide 75
	Slide 76
	Slide 77
	Slide 78
	Slide 79
	Slide 80
	Slide 81
	Slide 82
	Slide 83
	Slide 84
	Slide 85
	Slide 86
	Slide 87

