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Exploratory factor analysis
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Principal Components Analysis
Unweighted Least-Squares Method
Generalized Least-Squares Method
Maximum-Likelihood Method
Principal Axis Factoring

Alpha

Image Factoring




Structural Equation Modeling
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. . . Da Situational
Job demand Job insecurity || Lack of reward Global fatigue dysﬁmctalinl fatigue

586 854 179 839\ .88 704
SMC=.011 .447** SMC=.227 === Rejection
Self-perceived
Fatigue =2 Adoption
i J118*
Extraversion 108 ',
641 I
I
0 70 I Safety
SN 893 compliance
Personal Safety
80 (a T T o e b i St e Behavior
Agreeableness 86 o ns:tgbon
SMC=.523
795 3 89*
Conscientiousness P
SMC=.152 J29** SMC=,669
719 621 853 \870 341 688
Safety Regulatory Managerial Safety Safety Safety

significant procedures priority communication regulation education




SEM

Observed variables

Latent variables

Fatigue

Observed a
Loss of Suicidal

Insomnia

interest thoughts

{

Exogenous and endogenous variables




CB-SEM vs.VB-SEM

CB-SEM VB-SEM
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Confirmatory Factor
Analysis
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e ™
Multitriat-multimethod

Confirmatory factor analysis
Discriminant validity
Convergent validity
Construct reliability

Heterotrait-monotrait ratio of correlations (HTMT)




Path diagrams Covariance

Latent
Variable

Endogenous
Variables

Observed
Variable

Exogenous
Variables

Disturbance
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Hypothesized Model.......

Observation model

Goodness-of-fit chi-square

P value?

—

HO
H1
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Test of Fit

_______________________________________________________________________________________________________________ @

» How good was it for you?

Signs of the coefficients

Statistically significant coefficients

x2 GoF test to look at the model as a whole
So many because none is ideal

Three Groups:
o Absolute Fit
How well the hypothesized model fits observed data
y2, GFI, RMSR, RMSEA, etc.
o Incremental Fit
The relative position of the model between worst fit to perfect fit
TLI, NFI, RFI, IFL, CFI, etc.
o Parsimonious Fit
Compare models with differing number of parameters
AIC, AGFI, PNFI, PCFI, etc.

(- y,




2

X
CMIN/DF

GFI

CFI

RMSEA

SRMR
NFI
CMIN

RFI
IF1

RMSR
PNFI

PCFI
PCLOSE

- AGFI

(-

Recommended Criteria for Fit Indices

iindies o Recommended Vi

Meverset al, 2005

Marsh & Hocevar, 1985;
Bentler, 1990 ;
Hair et al., 2009

Chau, 1997;
Segars & Grover, 1993

Bentler, 1990
Hatcher, 1004

Byrne, 2001
Hu & Bentler, 1000
Meyers et al, 2005

Hair et al., 2000
Bentler & Bonett, 1980
Tabachnik & Fidell, 1996

Meverset al, 2005
Mevers et al, 2005

Meyvers et al, 2005
Mevyers et al, 2005

Meverset al, 2005
Hair et al, 2009

Hair et al., 2000

P-value > .05

< 5.0
< 5.0 Reportedifn > 200
< 3.0 Good; <5.0 Sometimes Permissible

> .00
.00
.00
.00
.08

.05
.08 : good fit; .08 to .1 : moderate fit; > .1 : poor fit.

A A AV VOV

<0.09

> .00

Reported if n between 100 and 200
.00

.00

.05

-3

> -5

> 0.05

VoA VWY

> 0.80




CRIITS

Model NPAR CMIINN DF P CMINMN/DF
Defanlt model 83 505 997 267 000 1_ 895
Saturated model 350 Nelele O

Independence model S0 4561 474 300 000 15 205

Baseline Comparisomns

NFI RFI IFI TLI
Model Deltal rthol Delta? tho2 —F1
Defanit model 889 875 944 937 944
Satmrated model 1 000 1 OO 1 000

Independence model 000 000 000 000 000

Farsimony-Adjunsted Measures

Model PRATIO PINFI PCFI1I

Default model Bo0O _To9l1 _840
Satmmrated model OO0 O OO0
Independence model 1000 000 _O000

~NCP

MModel NCP O 90 HI 90
D efanlt model 238 997 179 374 306_431
Satmmmated model maletel aleiel OO

ic:;e:uimce model 4261 474 4046.526 4483 699
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Figure 2. Final Model of the First Order CFA of the End-of-life Caregiving Experience Appraisal Scale 1re 1. Final Model of the Second Order CFA of the End-of-life Caregiving Experience Appraisal Scale
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» Unweighted least squares

gﬁ Analysis Properties m

Tie |

No assumptions about the variables | S [tsca| s | oupu | Bosop | emastors | Ronon #]
Normality

distributions

Results are dependent on the scale
of measurement

» Weighted least squares

Large sample sizes

» Maximum Likelihood

Requires multivariate normality

No ordinal scales or highly skewed
measures

@

Discrepancy Assumption

r --------------
| @ Wasinumlikeibood | [
' I
:f" Generalized leastsquares |
............... |
(" Unweighted least squares I Emulisrel6
(" Scale-free least squares
| Chicorrect
{" Asymptotically distribution-free

For the purpose of computing fit measures with incomplete data:

(¢ Fit the saturated and independence models
(" Fit the saturated mode! only

" Fit neither model

)




Necessary Data Screening

e Handle Missing Data
e Address outliers and influential cases.

* Meet multivariate statistical assumptions for
alternative tests

Your data should be

“clean”

(- y




Necessary Data Screening

» Handle Missing Data
o Address outliers and influential cases.

» Meet multivariate statistical assumptions for
alternative tests
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A *Homework Data.sav [DataSet1] - IBM SPSS Statistics Data Editor

File

Edit View Data Transform Analyze DirectMarketing Graphs

Utilities Add-ons Window Help

Reports
Descriptive Statistics
Tables

SH& 0 =

B ———

Compare Means
General Linear Model
Generalized Linear Models
Mixed Models
Correlate
Regression
Loglinear
Neural Networks
Classify
Dimension Reduction
Scale
Nonparametric Tests
Forecasting
Survival
Multiple Response
B2 Missing Value Analysis...
Multiple Imputation
Complex Samples
Quality Control
ROC Curve...
IBM SPSS Amos...

AN AN N N S NN AN N N N N LN N N R AN

[ Frequencies...
Descriptives...
&, Explore...
ngSStabS...
Ratio...

P-P Plots...
Q-QPlots...

#3 Frequencies
Variable(s):

&> Image1 -~ &> Subj.Norms1
&> Image2 9 &> Subj.Norms2
&> Image3 &> Subj.Norms3
&> Imaged &> SubjNorms4
&> Images n &> Subj.Norms5
&b Image6
&> Job.Relev1
&> Job.Relev2

(2 1ohRelevy (T

[] Display frequency tables

Statistics
SubjMNorms1 | SubjNorms2 | SubjMorms3 | SubjNormsd | Subj.NormsS
N Valid 300 301 299 301 299
Missing 1 0 2 0 2




Handling Missing Data

Hair et al.’s (2009) Rules of Thumb:

Missing data under 10% for an individual case or
observation can generally be ignored, except when the
missing data occurs in a specific nonrandom fashion.

The number of cases with no missing data must be
sufficlent for the selected analysis technique if
replacement values will not be substituted (imputed)
for the missing data.

Y




Imputation Methods
(Hair et al. (2009), table 2-2)

» Use only valid data
o No imputation, just use valid cases or variables
o In SPSS: Exclude Pairwise (variable), Listwise (case)

» Use known replacement values
o Match missing value with similar case’s value

» Use calculated replacement values

o Use variable mean, median, or mode
o Regression based on known relationships

e Model based methods

o Iterative two step estimation of value and descriptives to find
most appropriate replacement value

(- Y,




Imputation in SPSS

Edit View Data Transform Analyze DirectMarketing Graphs Utilities Add-ons Window Help

H &

B Compute variable...

[ count values within Cases...

rlection_item4

Shift values...
Recode into Same Variables...
Recode into Different Variables...
Automatic Recode..
{b2 visual Binning...
(i Optimal Binning...
Prepare Data for Modeling
[24] Rank Cases...
£ Date and Time Wizard...
& Create Time Series...
%[ Replace Missing Values... 0
@ Random Number Generators...

W) Run Pending Transforms Ctri+G

3. For each variable you can
choose the new name (for the
imputed column) and the type
of imputation

i D W *H

2. Include each variable
that has values that need

&> Subj.Norms1
&> Subj.Norms2
&> Subj.Norms3
&> Subj.Norms4
&> Subj.Norms5
&> Image1
&> Image2
&> Image3
& Imaged
&> Image5
& Image6

5> Job.Relev2

S 1) |~ |
Norms2_1 = SMEAN(Subj.Norms2)
Subj.Norms3_1 = SMEAN(Subj.Norms3)
Subj.Norms4_1 = SMEAN(Subj.Norms4)
Subj.Norms5_1 = SMEAN(Subj.Norms5) |+

~Name and Method
Name: [SubjNorms1_1 | | Change
Method: -




Imputation Advantages Disadvantages Best Used When:
Method

Mean
Substitution

Regression
Imputation

Model-Based
Methods

o

Easily implemented
Provides all cases with
complete information

Employs actual
relationships among the
variables

Replacement values
calculated based on an
observation’s own values
on other variables.
Unique set of predictors
can be used for each

variable with missing data.

Accommodates both
nonrandom and random
missing data processes
Best representation of
original distribution of
values with least bias.

Reduces variance of the
distribution

Distorts distribution of the
data

Depresses observed
correlations

Reinforces existing
relationships and reduces
generalizability

Must have sufficient
relationships among
variables to generate valid
predicted values.
Understates variance
unless error term added to
replacement value.

Replacement values may be

“out of range”

Complex model
specification by researcher
Requires specialized
software

Typically not available in
software programs (except
EM method in SPSS)

Relative low levels of
missing data
Relatively strong
relationships among
variables

Moderate to high levels
of missing data
Relationships
sufficiently established
so as to not impact
generalizability

Only method that can
accommodate
nonrandom missing
data process

High levels of missing
data require least
biased method to
ensure generalizability

)




Best Method — Prevention!

» Short surveys

» Easy to understand and answer survey items
» Force completion (incentives, technology)

» Digital surveys (rather than paper)

» Bribe/motivate (iPad drawing)

» Put dependent variables at the beginning of
the survey!

© )




Outliers and Influentials

e Outliers can influence your results, pulling the mean
away from the median.

e Outliers also affect distributional assumptions and
often reflect false or mistaken responses

» Two type of outliers:

outliers for individual variables (univariate)
Extreme values for a single variable

outliers for the model (multivariate)
Extreme (uncommon) values for a correlation
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Detecting Univariate Outliers
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Detecting Univariate Outliers
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Handling Univariate Outliers

» Should be examined on a case by case basis.

» If the outlier is truly abnormal, and not
representative of your population, then it is okay to
remove. However, this requires careful
examination of the data points

e.g., you are studying dogs, but somehow a cat got ahold of
your survey

e.g., someone answered “1” for all 75 questions on the survey

(- b,




Detecting Multivariate Outliers

» Multivariate outliers refer to sets of data points that
do not fit the standard sets of correlations exhibited
by the other data points in the dataset with regards
to your causal model.

Exercise and Weight loss

» Mahalanobis d-squared.

(- y,




§E1 Analysis Properties — These are

| Estimation | Numenical | Bas  {OUpU | Bootstrap | Pemmutations | Random #| Ttle | |

Anything less than .05 in the

row :
p1 column is abnormal, and

Humbern 1s candidate for inspection
[V Minimization history I~ Indirect, direct & total effects from SPSS P
|V Standardized estimates [~ Eactor score weights
[ Sguared multiple correlations [ Covariances of estimates
[~ Sample moments ™ Correlations of estimates
™ Implied moments ™ Critical ratios for differences
[~ All implied moments [V Tests for normality and outliers
I~ Residual moments I~ Observed information matrix
ification i Thres for modification
[ Modification indices IA i hold
=} Outliers amw

&) Analysis Summary

- Notes for Group

() Variable Summary

- Parameter summary

l Observations farthest from the centroid (Mahalanobis distance)
&) Notes for Model

@- Estimates

&) Model Fit




Handling Multivariate Outliers

» Create a new variable in SPSS called “Outlier”
o Code o for Mahalanobis > .05
o Code 1 for Mahalanobis < .05

» AMOS: “Outlier” as a grouping variable

o This then runs your model with only non-outliers

o Y,




Before and after removing outliers

=
N=340 N=295
‘/alue for =hort term 4n @ “alue for short term 2 e
\ 52 \ 51
a2 25
value for long berm o =1 |ayslty for Longierm value for long term I ®l | oyalty for Longtarm
\\\‘ #_45 |:_E3 i \ *5{} |:‘?{]. ::
Trust in Company 22 \.:’ | Loyalty for Rﬂpeat_ Trust in Company i 12 i —— | Loyalty for Repeat
Trust in Agent Trust in Agent
Model NPAR CMIN DF P CM]I'UDF Model NPAR CMIN DF P CMIN/DF
Default model 18 4238 3 237 71413 | Default model 18 2949 3 399 983
Model EMSEA LO9S HI% PCLOSE Model RMSEA LO90 HI®0 PCLOSE
Default model 035 .000 104 546 Default model .000 2000 098 669
Default model
&a:n;:dized RMR = 0122 Dd!;::drgorddgled RMR = 0091

Even after you remove outliers, the Mahalanobis will come up with a whole new set of outliers, so
these should be checked on a case by case basis, using the Mahalanobis as a guide for inspection.




“Best Practice” for outliers

» Jtis a bad idea to remove outliers, unless they are
truly “abnormal” and do not represent accurate
observations from the population.

» Removing outliers is risky
Generalizability

(- y,




Normality in AMOS

—Refer to the “Assessment of normality” in the
Text View output
—Data 1s considered to be normal if:

. RE&EWE & &3 -7 -0 -[FIJMME @
.. Skewness is ek Wosa o ,
& Analysis Summary Assessment of normality (Group number 1)
Notes for Group
between -3 tO +3 T ;;’::jj::;w Variable min max cr cr.
timgt 14000 120000 %70 -6.091 530 2204
Qouenvstons fathedfomh | comchang  37.000 109000  -666 -4.663 473 1.654
.. . . s Gy OPB 7000 67.000 -370 -2591  -052 -183
:: Kurtosis 1s & Extimates commuctn 14000 100.000 -837 -5857 827 2894
Notes for Group, Made: procair 8000 80000 -919 -6433 927 3.246
between -7 fo 7 o ko pos 16000 96000 -882 -6173 892 3121
& Model R trleader 15000 146000 -1030 -7208 1135 3972
Execution Time svalues 39.000 90000 -823 -57%9 612  2.143
P8 o — v | feedback  17.000 90.000 -948 -6.637 774 2710
jobaut 15000 65000 -978 -6.846 942 3296
emppart 19000 90000 -682 -4776 436 1528
g 8000 80000 -1214 -8501 1935 6773
Multivariate 100266 46895
Barbara G. Tabachnick ey — m—
« m L

(- | )
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=3 Modification Indices
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----- Regression Weights:
- Minimization History

=-Model Fit

- CMIN
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- Parsimony-Adjusted Measures
-NCP

~FMIN

- RMSEA

-AIC

-ECVI

~HOELTER
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Modification Indices (Group number 1 - Default model)

Covariances: (Group number 1 - Default model)
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ed <
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R Y v

ML
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First 8.936
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Par Change
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» If yvou have convergent validity issues, then your variables do not correlate

well with each other within their parent factor; i.e. the latent factor is not well
explained by its observed variables.

» If you have disecrimanant validity issues, then yvour variables correlate more
highly with variables outside their parent factor than with the variables within
their parent factor; i.e., the latent factor is better explained by some other

variables (from a different factor), than by its own observed variables.
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Validity and Reliability

» It is absolutely necessary to establish convergent and discriminant validity, as well
as reliability, when doing a CFA. If your factors do not demonstrate adequate
validity and reliability, moving on to test a causal model will be useless - garbage
in, garbage out!

e n oems CR : Construct Reliability
REllﬂblllty AVE : Average Variance Extracted
« CR>o0.7 MSV : Maximum Shared Squared Variance
ASV : Average Shared Squared Variance

Convergent Validity

» Factor Loading:
All factor loadings should be statistically significant .
Standardized loadings estimates should be 0.5 or higher, and ideally 0.7 or higher

« CR>AVE

* AVE > 0.5
Discriminant Validity
« MSV < AVE

« ASV < AVE

(- y,




v Stats Tools Package - Excel (Product Activation Failed)

Insert  Page Layout  Formulas Data  Review

aln e | = . . (] (] 1= AutoS <
%Eztpy ] Calibri 11 <A A T== &- »7- EPWrapText General - = ﬂ.‘ Followed Hyp... Hyperlink - (E-Elm EEX Filljl? un
Paste . = = = &= 3= . . 0 «0 .00 Conditional Format as || Input Linked Ce — | Insert Delete Format
. ¥ Format Painter ry S==le= [ Merge & Center $-% > %3 Formatting = Table - = v . . . & Clear~
Clipboard IF1 Font K} Alignment IF Number IFi Styles Cells Ed
A2 - f
A | B C D E | F | & | H | 0 | v | ¥k | L | M | N | 0o | P | @ | R | s | T | u |
1 |Paste Correlations table in A2 Paste Standardized Regression Weights table in F2
2 4 L ]
3 —
4 —
5
6 Read Caveats and
= Assumptions below,
o and then click me.
9 |
10 | .
11 Caveats and Assumptions:
12 1. Your latent variable names do not end
13 | in numbers (bad: F1, Factor12). It is okay
14 to have observed variables named
::— whatever you want.
71 2. Your error/residual names do end with
18 | numbers (good: e1, res12)
19: 3. Your variable names are not any of the
20 | following: AVE, Max, CR, MSV
21 4. You have more than 2 latent variables.
;g 5. You have no heywood cases
24 |
25 , 2 noo,
— I -
27 : i=l
| i=1 =
z e AVE
29| i i ) n
20 A H 2 g 1
i j=1 i=1 D —
31 1+ 1
32 | & A
i Ia B

Heterogeneity Test | Outliers | Remove Missing | Impute Missing | Scale Assessment |

b ValidityMaster | X2 Difference | 2 way interactions | GroupDifferences | Fit Check | EffectSize




EEPE MNew cfa @ Group number 1 : Input
File Edit Wiew D[Diagram Analyze Tools ml Help

"""""""""""" @®  Plugins... Alt+F8

CFA Auto Modeler

Clean Estimates Table

Group number 1

T

oF NEE: Bl

0 E & %X oo

Draw Cowvariances
Growth Curve Model
HTMT + Walidity Cl Test

=1
=t
D

Indirect Effects
Model Fit Measures
Mame Parameters

OK: Default model Mame Unobserved Variables

K2 'MEg

Resize Observed Variables

'y
2
i’

S5pecific bias test

Standardized Estimates Table

Standardized RMR

Validity and Rehability Test

Validity and Reliability Test w/ HTMT Analysis

Bl

]

Unstandardized estimates
Standardized estimates

P PR
P F
PO

=(B0])
o
w- L

i




BOPIPTETa;  43L il 39 2y o ol

(€ IS pis) cou 5 @l {900 Sty iy )5S P g ede o
o gl gl g g g e )35

(PCAJEFA) L [addgs canppls 55,18

b 095" 3 0 405 ol olezdl 155

b el plos g iy f Lol 0,05 455 &

Je o3lul 5l i oMol b g Jae canlial 2N

)







