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Course QOutline

Session: TOPIC:

DAY 1

Session 1 INTRODUCING MULTIVARIATE ANALYSIS AND R
Session 2 USING R FOR BASIC ANALYSIS

DAY 2

Session 3 USING R FOR AN(C)OVA

Session 4 USING R FOR REGRESSION ANALYSIS

DAY 3

Session 5 USING R FOR SCALING AND FACTOR ANALYSIS
Session 6 USING R FOR SEM and PLS PATH MODELING
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Exploratory Factor Analysis

Hair et al. (2018); Malhotra (2010); Pallant (2016)

Multivariate Data Analysis Tools

Dependence Interdependence
Techniques Techniques

X

Nominal Variables

 Factor

Analysis «

AN(C)OVA Metric

Regression

Cluster

Metric Metric

Ayl Analysis

Conjoint

: Perceptual
Analysis 5

Nominal Mapping

Metric
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Correlation Analysis

Hair et al. (2018); Malhotra (2010)

» The (Pearson) product moment correlation, p, summarizes the
strength of association between two metric (at least interval) variables
[-1, 1].

» Assumptions

» Metric (at least interval) variables
Independent, random sample
Linearity
(Bivariate) Normal distribution
Homoscedasticity
» No causality!
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Correlation Analysis

Hair et al. (2018); Malhotra (2010)

» Covariance [-=, + =]

n — *(Y —
COVXY — Z (Xl MX) (YI MY)
i=1 n-1

» (Pearson Product-Moment) Correlation Coefficient [-1, 1]

COV,,
=75 s
XY
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Correlation Analysis

Hair et al. (2018); Malhotra (2010)

» Hypotheses
» H,: correlation coefficient (p) = 0
» H;: correlation coefficient (p) # 0

» Test statistic

n—2
t=r*
V1-r2

df=n-2
» Effect Size (r) Effect Size (R?)
0.10 0.02 small
0.30 0.13 medium
b, ,0.90 0.26 large

] Maastricht University



Correlation Analysis

Hair et al. (2018); Malhotra (2010)

Correlation Analysis

X1i X2i X3i X4i

% Maastricht University

bivariate

X1i X2i X3i X4i
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SPSS Application

TAM Data

» Data Set Data-01.sav (n=439)

» Constructs and ltems
» Perceived Ease of Use (PEU, Q1-Q3)
» Perceived Usefulness (PU, Q4-Q6)
» Attitude (ATT, Q7-Q9)
» Intention (INT, Q10-Q12)

» Reliability Analysis (Coefficient o)
» PEU 0.93
» PU 0.92
» ATT 0.92
» INT 0.87

% Maastricht University



SPSS Application %

TAM Data
Davis et al. (1989)
Perceived Ease of Use ‘o
Attitude Intention to Use
Perceived Usefulness
PEU Q1, Q2, Q3
PU Q4, Q5, Q6
ATT Q7,Q8, Q9
INT Q10, Q11, Q12
u3

«q Maastricht University 12



Davis et al. (1989)

"

Maastricht University

Schoo
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MANAGEMENT SCIENCE
Vol. 35, No. 8, August 1989
Printed in U.S.A.

USER ACCEPTANCE OF COMPUTER TECHNOLOGY:
A COMPARISON OF TWO THEORETICAL MODELS*

FRED D. DAVIS, RICHARD P. BAGOZZI aND PAUL R. WARSHAW

School of Business Administration, University of Michigan, Ann Arbor, Michigan 48109-1234
0

California 93407

Computer systems cannot improve organizational performance if they aren’t used. Unfortu-
nately, resistance to end-user systems by managers and professionals is a widespread problem.
To better predict, explain, and increase user acceptance, we need to better understand why people
accept or reject computers. This research addresses the ability to predict peoples’ computer ac-
ceptance from a measure of their intentions, and the ability to explain their intentions in terms
of their attitudes, subjective norms, perceived usefulness, perceived ease of use, and related variables.
In a longitudinal study of 107 users, intentions to use a specific system, measured after a one-
hour introduction to the system, were correlated 0.35 with system use 14 weeks later. The intention-
usage correlation was 0.63 at the end of this time period. Perceived usefulness strongly influenced
peoples’ intentions, explaining more than half of the variance in intentions at the end of 14 weeks.
Perceived ease of use had a small but significant effect on intentions as well, although this effect
subsided over time. Attitudes only partially mediated the effects of these beliefs on intentions.
Subjective norms had no effect on intentions. These results suggest the possibility of simple but
powerful models of the determinants of user acceptance, with practical value for evaluating systems
and guiding managerial interventions aimed at reducing the problem of underutilized computer
technology.

(INFORMATION TECHNOLOGY,; USER ACCEPTANCE; INTENTION MODELS)

Business Administration, University of Michigan, Ann Arbor, Michigan 48109-1234
Business Administration, California Polytechnic State University, San Luis Obispa,
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The Relevance of Theory...

Bacharach (1989, p. 499)

a

BOUNDARY

m — m

_ HYPOTHESES .
Variables )3 Variables

GENERALIZABILTY

A 4
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Psychometric Properties

Netemeyer et al. (2003)

» (Uni)Dimensionality
» A unidimensional measure underlies a single construct or factor

» Reliability
» The portion of measurement that is due to permanent effects that
persist from sample to sample

» (Construct) Validity

» How well does a measure actually measure the construct it is
intended to measure

% Maastricht University
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Unidimensionality

Netemeyer et al. (2003)
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Multidimensionality

Netemeyer et al. (2003)

222
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Hierarchical Model

Netemeyer et al. (2003)

% Maastricht University
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lllustration: Model

Netemeyer et al. (2003)

Loadings (11,...,18)

% Maastricht University

“Cross-Loading” (c1)
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lllustration: Obtaining Correlations

Netemeyer et al. (2003)

Cor(X1,X2)=11*12=0.9*0.8=0.72
Cor(X1,X3)=11*13=0.9*0.7=0.63

Cor(X1,X8)=11*c|1=0.9*0.6=0.54

Cor(X7,X8)=I7*18=0.7*0.6=0.42

% Maastricht University
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lllustration: Correlation Matrix

Netemeyer et al. (2003)

&

Correlations

a. Cells contain zero-order (Pearson) correlations.

**. Correlation is significantat 0.01 level

Maastricht University

Control Variables X1 x2 X3 X4 X5 X6 X7 X8 F1 F2

-none-* X1 Correlation 1.000 720" 630" .360" .000 .000 .000 540" .900" .000
X2 Correlation 720" 1.000 560" 320" .000 .000 .000 480" 800" .000
X3 Correlation 630" 560" 1.000 280" .000 .000 .000 4207 .700” .000
X4 Correlation 360" 320" 280" 1.000 .000 .000 .000 240" 400" .000
X5 Correlation .000 .000 .000 .000 1.000 720" 630" 540" .000 900"
X6 Correlation .000 .000 .000 .000 720" 1.000 560" 480" .000 .800”
X7 Correlation .000 .000 .000 .000 630" 560" 1.000 420" .000 700"
X8 Correlation 540" 480" 420 240" 540" 480" 420 1.000 600™ 600”
F1 Correlation 900" 800" 700" 400" .000 .000 .000 .600” 1.000 .000
F2 Correlation .000 .000 .000 .000 900" 800" 700" 600" .000 1.000
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lllustration: SPSS Input

Netemeyer et al. (2003)

PT sav [Datasetd] - PASW Statistics Data Editor

Fie Edt View Data Transform Analyze Graphs Utiities Add-ons ‘indow Help

SEe I~ B H# 14D W %

| ROWTYPE_ | VARNAME_ Fal 2 3 4 5 6 7 @ Fi F2 var

1 v/ 500.0000 500.0000 500.0000 500.0000 500.0000 500.0000 500.0000 5000000  E00.0000|  500.0000
2 corR | ] 1.0000 7200 5300 3500 0 0 0 5400 5000 0
3 corr/ 2 7200 1.0000 5600 3200 0 0 0 4800 8000 0
4 coRry &) 5300 5600 1.0000 2800 0 0 0 4200 7000 0
5 CORR I 3800 3200 2800 1.0000 0 0 0 2400 4000 0
5 cogRr s 0 0 0 0 1.0000 7200 6300 5400 0 9000
7 kR 6 0 0 0 0 7200 1.0000 5600 4300 0 8000
5 cfRR @ 0 0 0 0 5300 5600 1.0000 4200 0 7000
E JorR [ 5400 4800 4200 240 5400 4800 4200 1.0000 5000 6000
10 ORR Fi 9000 5000 7000 4000 0 0 0 6000 1.0000 0
11 [corr F2 0 0 0 0 5000 5000 7000 5000 0 1.0000
12 [

13 [

ROWTYPE_
VARNAME_
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lllustration: Exploratory Factor Analysis <

Netemeyer et al. (2003)

FACTOR
IMATRIX=IN(COR=%)
IMISSING LISTWISE
JANALYSIS X1 X2 X3 X4 X5 X6 X7 X8
/PRINT UNIVARIATE INITIAL KMO REPR AIC EXTRACTION ROTATION
/PLOT EIGEN
/CRITERIA MINEIGEN(1) ITERATE(25)
JEXTRACTION PAF
ICRITERIA ITERATE(25)
/ROTATION VARIMAX
/METHOD=CORRELATION.

% Maastricht University 23



lllustration: SPSS Output

Netemeyer et al. (2003)

Rotated Factor Matrix?

Factor 0
1 2
X1 .899 .009
X2 .800 .008
X3 .700 .007
X4 400 .004
X5 -.009 .899
X6 -.008 .800
X7 -.007 .700
X8 594 606

Extraction Method: Principal
Axis Factoring.

Rotation Method: Varimax
with Kaiser Normalization.

a. Rotation converged in
3 iterations.

% Maastricht University



Exploratory Factor Analysis (EFA)
Introduction

» Exploratory Factor Analysis
“Factor analysis is one of the more frequently used procedures in marketing
research and, in fact, it has been cited as the most widely applied multivariate
technique in the social sciences (Acito and Anderson 1980, 228).”

» Modes of (Exploratory) Factor Analysis (Stewart, 1981):
» R Factor Analysis — Variables by Persons
» Q Factor Analysis — Persons by Variables — Cluster Analysis

» Types of Factor Analysis (Stewart, 1981):
» Exploratory Factor Analysis (EFA)
» Confirmatory Factor Analysis (CFA)

% Maastricht University



Exploratory Factor Analysis (EFA)
Graphical Representation of Model

Factor Correlations

_::—T:—_-——z?-_.g.:’:§.=====""

VAR(X;) = Common Variance + Error Variance
VAR(X;) = Communality + Uniqueness
VAR(X;)) =h2+d? (d?=1-h?)

El E2 E3 E4 VAR(XI) = bijz + Ei

% Maastricht University
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Exploratory Factor Analysis (EFA): Analysis Approach

Hair et al., 2018; Malhotra, 2010; Pallant, 2016

Objectives of Factor Analysis

Designing Factor Analysis

Assumptions for Factor Analysis

Deriving Factors and Assessing Overall Fit

Interpreting Factor Analysis

b R
i
o Wronors oriopnayss
< foerm o e posessmg o et
A

AV
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1. Objectives of Exploratory Factor Analysis

Hair et al. (2018); Malhotra (2010); Pallant (2016)

» ldentifying an Underlying Causal Structure (Understanding Latent Constructs)

» Data Reduction

% Maastricht University
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SPSS Application

TAM Data

» Data Set Data-01.sav (n=439)

» Constructs and ltems
» Perceived Ease of Use (PEU, Q1-Q3)
» Perceived Usefulness (PU, Q4-Q6)
» Attitude (ATT, Q7-Q9)
» Intention (INT, Q10-Q12)

» Reliability Analysis (Coefficient o)
» PEU 0.93
» PU 0.92
» ATT 0.92
» INT 0.87

% Maastricht University



SPSS Application S

TAM Data
Davis et al. (1989)
Perceived Ease of Use ‘o
Attitude Intention to Use
Perceived Usefulness
PEU Q1, Q2, Q3
PU Q4, Q5, Q6
ATT Q7, Q8, Q9
INT Q10, Q11, Q12
u3

«q Maastricht University 30



2. Designing Exploratory FactorAnaIyS|s

Hair et al. (2018); Malhotra (2010); Pallant (20

» Measurement Level

“Strong Data”: high loadings, no (substantial)
cross-loadings, multiple variables per factor

» Metric (At Least Intervally Scaled — Correlations)

» Variables

» At Least Threg Manifest Variables (Indicator) per Latent Variable (Factor)

» Sample Size

» n > 50 [100] (At Least 5 [10] Observations per Manifest Variable)

» Random Sampling

% Maastricht University
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SPSS Application

&

Maastricht University

Descriptive Statistics

N Minimum | Maximum Mean Std. Deviation
q1 439 1 6 3.39 944
q2 439 1 6 3.65 .956
q3 439 1 6 3.52 1.009
q4 439 1 6 3.35 965
q5 439 1 6 3.59 1.010
q6 439 1 7 4.15 997
q7 439 2 7 4.22 975
q8 439 1 7 3.24 947
q9 439 1 7 3.85 970
q10 439 1 7 4.14 1.239
q11 439 1 6 349 931
q12 439 1 7 3.83 959
Valid N (listwise) 439

32



3. Assumptions for Exploratory Factor Analysis

Hair et al. (2018); Malhotra (2010); Pallant (2016)

» Normality

» Linearity

» No outliers

» Substantial Number of Correlations > 0.30
» Visual Inspection

» Bartlett's Test of Sphericity
» Measure of Sampling Adequacy

% Maastricht University
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SPSS Application

&

Correlation Matrix

q1 q2 q3 q4 q5 q6 q7 q8 q9 q10 ql1 q12
Correlation g1 1.000 .810 814 293 .343 .325 397 .365 .390 .259 315 314
q2 .810 1.000 817 .306 324 347 .369 .352 .346 259 316 314
q3 814 817 1.000 .324 .353 .368 374 .353 .356 .269 .334 .320
q4 293 .306 324 1.000 .801 797 292 .246 .301 315 418 402
q5 .343 .324 .353 .801 1.000 812 .298 .260 .324 .323 .384 377
q6 .325 .347 .368 797 812 1.000 .248 243 .269 .332 .386 371
q7 397 .369 374 292 .298 .248 1.000 .803 .806 257 316 .337
q8 .365 .352 .353 246 .260 243 .803 1.000 773 .233 290 318
q9 .390 .346 .356 301 324 .269 .806 773 1.000 273 .368 .392
q10 .259 .259 .269 315 .323 .332 257 .233 273 1:000 .681 674
ql1 315 .316 .334 418 .384 .386 .316 290 .368 .681 1.000 .786
q12 314 314 .320 402 377 371 .337 318 .392 674 .786 1.000

Maastricht University
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SPSS Application

KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy.

Bartlett's Test of Approx. Chi-Square
Sphericity

df

Sig.

%

4076.927
66

.000

% Maastricht University

in the .90s marvelous,

in the .80s meritorious,

in the .70s middling,

in the .60s mediocre,

in the .50s miscrable,

below .50 unacceptable.
20.6

Ho: Identity Matrix

35



4. Deriving Factors and Assessing Overall Fit

Hair et al. (2018); Malhotra (2010); Pallant (2016)

» Criteria for the Number of Factors to Extract
» Latent Root or Kaiser Criterion (Eigenvalues > 1)
» Scree Test Criterion
» A Priori Criterion

» Proportion of Variance Accounted for (e.g., > 60%)
» More Advanced Methods (Conway and Huffcutt, 2003):
» Parallel Analysis

» Minimum Average Partial Method

% Maastricht University
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Common Factor Analysis (PAF) vs. Principal
Components (PC) Analysis

» PC is based on a correlation matrix as input with “1™s on
the diagonal (all variance is redistributed over the
components)

» PAF is based on a correlation matrix as input with common
variance (<1) on the diagonal (only the shared variance is
redistributed over the components). SMC (squared
multiple correlation) of each variable with all other
variables is used as starting value

% Maastricht University 37



SPSS Application

&

PC

Communalities

Initial Extraction
q1 1.000 873
q2 1.000 877
q3 1.000 878
q4 1.000 .865
q5 1.000 873
q6 1.000 872
q7 1.000 877
q8 1.000 .857
q9 1.000 .858
q10 1.000 769
ql1 1.000 .836
q12 1.000 .832
Extraction Method: Principal

Component Analysis.

Maastricht University

PAF

Communalities

Initial Extraction
q1 736 .808
q2 733 812
q3 741 822
q4 718 790
q5 734 815
q6 731 810
q7 737 .834
q8 695 .769
q9 713 .786
q10 522 .584
q11 674 793
q12 669 782
Extraction Method: Principal

Axis Factoring.
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SPSS Application

&

Maastricht University

Total Variance Explained

Factor Rotation
Sums of
Squared
Initial Eigenvalues Extraction Sums of Squared Loadings Loadings?
Total % of Variance | Cumulative % Total % of Variance | Cumulative % Total
1 5.498 45.814 45.814 5.287 44.058 44.058 3.660
2 1.862 15.513 61.327 1.655 13.788 57.845 3.604
1.556 12.963 74.290 1.349 11.241 69.086 3.537
1.352 11.269 85.559 1.117 9.306 78.392 3.492
.360 3.003 88.562
6 241 2.008 90.571
7 218 1.813 92.383
8 207 1.727 94111
9 189 1.572 95.682
10 .180 1.504 97.186
1 173 1442 98.627
12 .165 1.373 100.000

Extraction Method: Principal Axis Factoring.

a. When factors are correlated, sums of squared loadings cannot be added to obtain a total variance.

39



SPSS Application

Scree Plot

6

Eigenvalue
9

2

% Maastricht University

Factor Number
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SPSS Application

&

Reproduced Correlations

q1 q2 q3 q4 q5 q6 q7 q8 q9 q10 q11 q12

Reproduced Correlation g1 .808? 810 814 297 329 .335 .398 375 .381 259 317 313
q2 810 8122 817 302 334 342 .368 346 353 .260 318 312
q3 814 817 8222 324 .356 .364 373 350 .359 270 330 323
q4 297 .302 324 7902 .801 797 283 254 303 .334 408 395
q5 .329 334 .356 .801 815° 811 .298 .268 315 317 .390 377
q6 .335 342 364 797 811 8102 256 227 275 319 391 376
q7 .398 .368 373 .283 .298 256 8342 .800 807 248 318 .343
q8 375 .346 .350 254 268 227 .800 7692 774 228 294 318
q9 381 353 359 303 315 275 .807 774 786 .287 362 385
q10 259 .260 270 334 317 319 248 228 .287 5842 680 674
ql1 317 318 330 408 .390 .391 318 294 .362 .680 7932 787
q12 313 312 323 395 377 .376 343 318 .385 674 787 7822

Residual® q1l .000 .000 -.004 .014 -.010 -.001 -.010 .010 .000 -.002 .001
q2 .000 .000 .004 -010 .006 .001 .006 -.006 -.001 -.001 .003
q3 .000 .000 .000 -.004 .004 .000 .003 -.003 -.001 .004 -003
q4 -.004 .004 .000 .000 .000 .009 -.007 -.002 -019 .011 .006
q5 014 -010 -.004 .000 .001 .000 -.008 .009 .006 -.006 -.001
q6 -010 .006 .004 .000 .001 -.008 .016 -.006 .013 -.005 -.006
q7 -.001 .001 .000 .009 .000 -.008 .002 -.001 .009 -.002 -.006
q8 -010 .006 .003 -.007 -.008 .016 .002 -.001 .005 -.004 -.001
q9 .010 -.006 -.003 -.002 .009 -.006 -.001 -.001 -014 .006 .007
q10 .000 -.001 -.001 -019 .006 013 .009 .005 -014 .001 .001
ql1 -.002 -.001 .004 .011 -.006 -.005 -.002 -.004 .006 .001 -.001
q12 .001 .003 -.003 .006 -.001 -.006 -.006 -.001 .007 .001 -.001

Extraction Method: Principal Axis Factoring.

Maastricht University

a. Reproduced communalities

b. Residuals are computed between observed and reproduced correlations. There are 0 (.0%) nonredundant residuals with absolute values greater than 0.05.
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Advanced Methods to Determine the Number of
Factors in EFA

» Parallel Analysis (om, 1965)

» MAP test (Velicer, 1976)

» Maximum Likelihood (ML) Factor Analysis (2 test)

% Maastricht University
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O’Connor (2000)

Behavior Research Methods, Instruments, & Computers

2000, 32 (3), 396-402

SPSS and SAS programs for
determining the number of components
using parallel analysis and Velicer’'s MAP test

1 BRIAN P. O'CONNOR
Lakehead University, Thunder Bay, Ontario, Canada

Popular statistical software packages do not have the proper procedures for determining the number
of components in factor and principal components analyses. Parallel analysis and Velicer’'s minimum
average partial (MAP) test are validated procedures, recommended widely by statisticians. However,
many researchers continue to use alternative, simpler, but flawed procedures, such as the eigenvalues-
greater-than-one rule. Use of the proper procedures might be increased if these procedures could be
conducted within familiar software environments. This paper describes brief and efficient programs
for using SPSS and SAS to conduct parallel analyses and the MAP test.

% Maastricht University 43



Parallel Analysis: SPSS Application

O’Connor (2000)

Active Data File!

* DATA >.

* Open the SPSS data fj}¢ and enter the variable names on the variables line, e.g. "/VAR= g1 to q10".

GET raw /FILE = *
/ missing=omit

/ VAR =q1 tog12. /*Enter variable names here!.
* ENTER OPTIONS! >,

Variable Names!

% Maastricht University
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Parallel Analysis: SPSS Application

O’Connor (2000)

&

Run MATRIX procedure:

PARALLEL ANALYSIS:

Principal Components & Random Normal Data Generation

Specifications for this Run:

Ncases
Nvars

439
12

Ndatsets 1000

Percent

Raw Data Eigenvalues,

95

& Mean & Percentile Random Data Eigenvalues

Root Raw Data Means Prcntyle
1.000000 5.497684 1.278902 1.346217
2.000000 1.861609 1.203786 1.250480 EV > Random Data
3.000000 1.555539 1.146351 1.184455
4000000 13509005 1000147 1. 138645
5.000000 .360418 1.053659 1.085723
6.000000 .241010 1.013332 1.044202
7.000000 .217518 .973233 1.004229
8.000000 .207260 .932973 .962753
9.000000 .188616 .892773 .925738

10.000000 .180428 .851332 .886614

11.000000 .172986 .805433 .842883

12.000000 .164708 .749077 .794979
—————— END MATRIX -----

Maastricht University
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MAP Test: SPSS Application

O’Connor (2000)

[ —

T T T T T T T T T T T T
100 200 300 400 500 600 700 800 900 1000 11.00 1200

root

% Maastricht University
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MAP Test: SPSS Application

O’Connor (2000)

Variable Names!

* DATA >,
* Open the SPSS data file ang£nter the variable names on the variables line, e.g. "Variables= q1 to q10".

Correlation
Variables= g1 to /*Enter variable names herel.

/matrix out (*) /missing = listwise.

Active Data File:
Matrix Data!

% Maastricht University
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MAP Test: SPSS Application

O’Connor (2000)

Velicer's Average Squared Correlations

.000000 .199559
1.000000 .119585
2.000000 .141272 .
5 000000 aanse smallest average squared correlation
4.000000 .048378
5.000000 .073491
6.000000 .097302
7.000000 .152419
8.000000 .204150
9.000000 .304644
10.000000 .481952
11.000000 1.000000

The smallest average squared correlation is
.048378

The number of components is

4 Factors!

% Maastricht University



ML Factor Analysis (¢ test): SPSS Application S

Ho: F=4

Goodness-of- est

Chi-Sguare df Sig.
23313 24 A0

% Maastricht University 49



5. Interpreting Exploratory Factor Analysis

Hair et al. (2018) ; Malhotra (2010); Pallant (2016)

» Rotation
» Orthogonal Rotation (no interfactor Correlation Allowed)
» Obligue Rotation (nterfactor Correlation Allowed)
» Factor Pattern Matrix (Loadings)
» Factor Structure Matrix (Correlations)
» Significance of Factor Loadings

» +0.50 (n=120, a=0.05, 1-p (power)=0.80)

» +0.70 (n=60, a=0.05, 1-B (power)=0.80)
% Maastricht University
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5. Interpreting Exploratory Factor Analysis

Hair et al. (2018) ; Malhotra (2010); Pallant (2016)

» Interpretability

» Inspect Factor Pattern Matrix (Using Orthogonal Rotation the Factor Pattern
and Structure Matrix are Equivalent!) and Communalities

» Are There At Least Three Manifest Variables (Indicators) Loading on a Latent
Variable Factor?

» Do These Manifest Variables (Indicators) Share Some Conceptual Meaning?

» Do the Manifest Variables (indicators) that Load on Different Factors Seem
to be Measuring Different Constructs

% Maastricht University 51



SPSS Application

iy @
Structure Matrix Pattern Matrix

Factor Factor
1 2 3 4
q2 907 -.004 -.011 .003
g3 .900 023 -013 007
q1 .890 -016 035 -.004
q5 .005 901 026 -.020
q6 .037 .900 -.041 -.003
q4 -.039 .884 016 030
q7 .014 .003 915 -.022
q8 .01 -.017 .889 -.028
q9 -.016 .017 .866 .051
ql1 .008 .015 -.006 .883
q12 -.007 -.004 039 872
q10 .005 -.005 -.034 778

Extraction Method: Principal Axis Factoring.

Extraction Method: Principal Axis Factoring. Rotation Method: Promax with Kaiser Normalization.

Rotation Method: Promax with Kaiser Normalization.
a. Rotation converged in 6 iterations.

Factor Correlation Matrix

Factor 1 2 3 4
1 1.000 406 450 .387
2 406 1.000 .341 480
3 450 341 1.000 408
4 .387 480 408 1:000

Extraction Method: Principal Axis Factoring.
Rotation Method: Promax with Kaiser Normalization.

% Maastricht University 52



Exploratory Factor Analysis (EFA): High Quality EFA
DeC|S | (0] nS'7 (Conway and Huffcutt, 2003)

1. Factor Extraction Model
» Common Factor Analysis Model
2. Number of Factors
» Multiple Methods
3. Type of Rotation
» Obligue Rotation, PROMAX
4. Reporting
5. Sample size, sample-to-variable ratio and variable-to-factor
ratio
» Large samples (> 400)
» 5:1 (Sample-to-variable ratio)
» 4:1 (variable-to-factor ratio)

% Maastricht University
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Higher-Order Factor Analysis

% Maastricht University
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Higher-Order Factor Analysis

222
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Higher-Order Factor Analysis: SPSS Application S

Wolff and Preising (2005)

Pattern Matrix® Factor Correlation Matrix
Factor Factor 1 2 3 4

1 2 3 4 1 1.000 408 450 387
g1 .890 -016 035 -.004 2 406 1.000 el i 480
q2 807 -.004 =011 003 3 450 RerA] 1.000 408
q3 800 023 -013 007 4 387 480 408 1.000
o4 -.039 .84 016 .030 Extraction Method: Principal Axis Factoring.
a5 005 801 028 - 020 Ruotation Method: Promax with Kaiser Mormalization.
qf 037 800 -041 -.003
q7 014 003 915 -022
qd 011 -7 889 -028
q9 - 016 017 BER 051
q10 005 -.005 -034 778
q11 .0os 015 -.006 B83
q12 -.007 -.004 039 B72

Extraction Method: Principal Axis Factoring.
Ruotation Method: Promax with Kaiser Mormalization.

a. Rotation converged in 6 iterations.

% Maastricht University 56



Higher-Order Factor Analysis: SPSS Application

Wolff and Preising (2005)

H.cor.sav [DataSet?] - IBM SPSS Statistics Data Editor
e Edit View Data Transform  Analyze  DirectMarketing  Graphs  Utilities Add-ons  Window  Help

SEe I e~ HLFE H
|

T

| rowTYPE_ | vARNAME_ | A | B | c | D [ v [ v |

1 N 439.0000 439.0000 4330000 433.0000
2 CORR A 1.0000 4060 4500 3870
3 CORR B 4060 1.0000 3410 4800
4 CORR c 4500 3410 1.0000 4080
5 CORR D 3870 4800 4080 1.0000
6

7
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Higher-Order Factor Analysis: SPSS Application @

Wolff and Preising (2005)

Total Variance Explained

Factor Initial Eigenvalues Extraction Sums of Squared Loadings
Total % of Variance | Cumulative % Total % of Variance | Cumulative %
1 2.236 55.911 55.911 1.650 41.254 41.254
2 .698 17.457 73.368
3 576 14.406 87.774
4 489 12.226 100.000

Extraction Method: Principal Axis Factoring.

Factor Matrix?

Factor
1

A 644
B 638
(o} 614
D 672
Extraction Method:
Principal Axis
Factoring.

a. 1 factors

extracted. 6

iterations

required.
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Higher-Order Factor Analysis: SPSS Application @

Wolff and Preising (2005)

* Schmid-Leiman Solution for 2 level higher-qgrder Factor analysis.

Matrix. e :
* ENTER YOUR SPECIFICATIONS HER First-order loadings (PAF,
Promax)!

* Enter first-order matrix.

Compute F1=

{.890, -.016, .035, -.004;
.907, -.004, -.011, .003;

.900, .023, -.013, .007;

-.039, .884, .016, .030;

.005, .901, .026, -.020;
.037, .900, -.041, -.003;
.014, .003, .915, -.022;
.011, -.017, .889, -.028;
-.016, .017, . 866, .051;

.005, -.005, -.034, .778;

.008, .015, -.006, .883;

-.007, -.004, .039, .872}.

*

enter first-order variable names.

compute varname={"q1"; "qg2"; "q3"; "qg4"; "qg5"; "g6"; "q7"; "98"; "q9"; "q10"; "q11"; "q12"}.
*enter first-order factor names.

compute finame={"F1", "F2", "F3", "F4"}.
* enter second-order factor loadings.
Compute F2={0.644; 0.638 - . 0.672}.
*enter second.order factor names.
compute f2name={"Generall"}.

* END OF INPUT.

Second-order
loadings!
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G

Higher-Order Factor Analysis: SPSS Application

Wolff and Preising (2005)

factor loadings of Schmid-Leiman Solution and h?

Generall F1 F2 F3 F4 H? total H?2 G H? 1st
gl .582 .681 -.012 .028 -.003 .803 .338 .465
q2 .577 .694 -.003 -.009 .002 .814 .333 .482
a3 .591 .689 .018 -.010 .005 .824 .349 .475
g4 .569 -.030 .681 .013 .022 .789 .324 .465
a5 .581 .004 .694 .021 -.015 .819 .337 .482
g6 .571 .028 .693 -.032 -.002 .808 .326 .482
q7 .558 .011 .002 722 -.016 .833 .311 .522
g8 .523 .008 -.013 .702 -.021 767 .274 .493
q9 .567 -.012 .013 .684 .038 .790 .321 .469
qlo .502 .004 -.004 -.027 .576 .585 .252 .333
qll . 604 .006 .012 -.005 .654 .793 .365 .428
ql2 .603 -.005 -.003 .031 .646 .781 .363 .418

sum of squared loadings

Generall Fl F2 F3 F4 total
H? 3.894 1.421 1.426 1.485 1.179 9.406
% 414 .151 .152 .158 .125 1.000

percentage of exracted variance explained by general factors (%)
.414

percentage of extracted variance explained by first order factors (%)
.586
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Alte‘R native... R

» EFAIn R: package psych (http://personality-project.org/)

Personality Project '

Using R and psych for personality and psychological research

User manual and help files
1 The psy anual (pdf)

Vignettes
1. An introduct df) ¢
2. Using psych as a front end fo

How to

Short Course lecture notes
These are ble pdf lecture notes
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Alte ‘R native...

» Book (http://www.personality-project.org/r/book/)

&

Persona“ty Project Homepage Big Five Test PMC Lab Psychometric Theory R Guide

Table of Contents An introduction to psychometric theory with applicationsin R

Chapter 1: Introduction

Chapter 2: ATheory of Data This page is devoted to teaching others about psychometric theory as well as R. It consists of chapters of an in progress text as

Chapter 3: The Problem of Scale well as various short courses on R.

Chapter 4: Correlation and The e-book is a work in progress. Chapters will appear sporadically. Parts of it are from the draft of a book being prepared for
Covariance the Springer series on using R, other parts are just interesting tid-bits that would not be appropriate as chapters.

Chapter 5: Multiple Correlation

. i Itis written in the hope that | can instill in a new generation of psychologists the love for quantitative methodology imparted
and Multiple Regression

to me by reading the popular and then later the scientific texts of Ray Cattell [Cattell, 1966b] and Hans Eysenck [Eysenck,

Chapter 6: Constructs, 1964, Eysenck, 1953, Eysenck, 1965]. Those Penguin and Pelican paperbacks by Cattell and Eysenck were the first indications
components, and factor models that | had that it was possible to study personality and psychology with a quantitative approach.

Chapter 7: Reliabili . . . . . L
ty My course in psychometric theory, on which much of this book is based, was inspired by a course of the same name by Warren

Chapter 8: The "New Norman. The organizational structure of this text owes a great deal to the structure of Warren's course. Warren introduced me,
Psychometrics” ltem Response

as well as a generation of graduate students at the University of Michigan, to the role of theory and measurement in the study

Theory of psychology. He introduced to me to the "bible" of psychometrics: Jum Nunnally's Psychometric Theory [Nunnally, 1967].
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Factor Analysis

‘Q Editor ®

£

3  Tibrary(psych)

4

5 # PAF

5]

7 PAF<-fa(Data.01.pPPT[,1:12], fm="pa", nfactors=4, rotate="promax")
& PAF

g9

10 cortest.bartlett(cor{Data.0l.PPT[,1:12]), n=439)
11

12 # ::Dr"test.bar‘t'ﬂ‘ettEData.Ol.PPT[,l:lE]}

13

14 KMmo(Data.0l.PPT[,1:12])

15

16
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Factor Analysis

Q Console

> PAF<-fa(Data.0l.pPPT[,1:12], fm="pa", nfactors=4, rotate="promax")
> PAF
Factor Analysis using method = pa
call: fa(r = pata.01.pPT[, 1:12], nfactors = 4, rotate = "promax’,
fm = "pa")
standardized Toadings (pattern matrix) based upon correlation matrix
PA3 PAZ PAl Pad h2 u2 com

ql 0.89 -0.01 0.04 0.00 0.81 0.19 1
q2 0.91 0.00 -0.01 0.00 0.81 0.19 1
q3 0.90 0.02 -0.01 0.01 0.82 0.18 1
g4 -0.04 0.88 0.02 0.03 0.790.21 1
q5 0.01 0.90 0.03 -0.02 0.82 0.18 1
qeé 0.04 0.90 -0.04 0.00 0.81 0.19 1
q7 0.01 0.00 0.91 -0.02 0.83 0.17 1
q8é 0.01 -0.02 0.89 -0.02 0.77 0.23 1
g9 -0.02 0.02 0.8 0.06 0.79 0.21 1
gl0 0.00 -0.01 -0.03 O0.78 0.58 0.42 1
gll 0.01 0.01 -0.01 O.BE 0.79 0.21 1
gl2 -0.01 0.00 0.04 0.87 0.78 0.22 1

PA3 PAZ PAl PAd
55 Toadings 2.44 2
Proportion var 0.20 0
Cumulative var 0.20 0.40
proportion Explained 0.26 0
cumulative Proportion 0.26 0

[=N= =iy
(=]
o
(=]
=
2]

with factor correlations of
PA3 PAZ PAL Pad

PA3 1.00 0.40 0.45 0.39

PAZ 0.40 1.00 0.34 0.48

PAl 0.45 0.34 1.00 0.40

PA4 0.39 0.48 0.40 1.00
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Factor Analysis

&

Q Console

= cortest.bartlett{cor{Data. 01.PPT[,1:12]), n=439)

$chisg
[1] 4076.927

$p.value
[1] O

Ldf
[1] 66

=

= # cortest.bartlett{Data.0l.PPT[,1:12])

-
= kMo{Data.0l.PPT[,1:12])
Kaiser-Meyer-0lkin factor adequacy
call: kmo(r Data.0l.pPPT[, 1:127)
overall msa 0. 85
Msa for each item =

aql q2 q3 q4d q5s qe q7
0.86 0.86 0.86 0.86 0.85 0.84 0.83

Maastricht University

qs g9 gl0 gli glz2
0.85 0.86 0.88 0.84 0.84
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Factor Analysis

&

«Q Console

= cortest.bartlett(Data.01l.PPT[,1:12])
R was not square, finding R from data
fchisg

[1] 4076.927

fp.value
[1] O

$df
[1] 66

= KMO{Data.0l.PPT[,1:12])
Kaiser-Meyer-olkin factor adequacy
call: kmodr Data.0l.PPT[, 1:12])
overall mMsa 0.85
msa for each item =
gl q2 q3 g4 q5 g6 q7 g8 g9 gl0 gl1 gl2
0.80 0.80 0.86 0.86 0.85 0.84 0.83 0.85 0.80 0.88 0.84 0.84

Maastricht University
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Factor Analysis

L5
. i "
Q Graphlcs 25 scree(Data.0l.ppPT[,1:12])
26
Scree plot
2 —e— PC
5 o o FA
-
g
=
8 <1
=
-
w
s 77
g
BT o
@
=
m
g -
%
ngJj o - $ T . . * * L .
T T T T T
2 6 8 10 12
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Factor Analysis

FAF)
Q Graphics 27 Wss.scree(Data.01.pPT[,1:12])
I -
scree plot
3
g ] OHO
oz T
0
e T T T C|) ° T ° c|)
2 4 6 8 10 12

component number
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Factor Analysis

Q Console

> PC<-principal(pata.0l.ppPT[,1:12], nfactors=4, rotate="promax")

= PC
Principal Components analysis
call: principal(r = Data.01.pPPT[, 1:12], nfactors = 4, rotate = "promax’)

standardized loadings (pattern matrix) based upon correlation matrix
PC3 PC2 PC1 PC4 h2 u2 com

ql 0.93 -0.02 0.03 0.00 0.87 0.13 1
q2 0.94 0.00 -0.01 0.00 0.88 0.12 1
q3 0.93 0.02 -0.01 0.01 0.88 0.12 1
g4 -0.04 0.93 0.02 0.03 0.87 0.13 ]I
q5 0.01 0.93 0.03 -0.02 0.87 0.13 ¥
q6 0.04 0.93 -0.04 0.00 0.87 0.13 1
q7 0.02 0.00 0.93 -0.01 0.88 0.12 1
q8 0.01 -0.02 0.94 -0.03 0.86 0.14 1
q9 -0.02 0.02 0.91 0.05 0.86 0.14 1
ql0 -0.01 -0.04 -0.06 0.91 0.77 0.23 1
gli 0.01 0.03 0.01 0.89 0.84 0.16 1
gql2z 0.00 0.01 0.05 O0.89 0.83 0.17 1

55 loadings 2 2
Proportion var 0. 0.
cumulative var 0.22 0.44
Proportion Explained O 0
cumulative Proportion 0 0

OO O OmM
[=]]
wn
oo om
=]
[=1]

with component correlations of
PC2 PC2 PCl PC4

PC3 1.00 0.38 0.42 0.35

PC2 0.3E8 1.00 0.32 0.43

PCl 0.42 0.32 1.00 0.37

PC4 0.35 0.43 0.37 1.00
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Factor Analysis

Q Console

= ML<-factanal (Data.01l.pPPT[,1:12], factors=4, rotation="promax")
= ML

call:
factanal(x = Data.01.pPPT[, 1:12], factors = 4, rotation = "promax")

unigquenesses:
gl g2 q3 g4 q5 g6 q7 q8 q9 glo gll glz2
0.192 0.187 0.178 0.210 0.184 0.189 0.164 0.231 0.215 0.418 0.205 0.219

Loadings:
Factorl Factor2 Facktor3 Factord
gl 0.890
g2 0.906
g3 0.900
g4 0. 880 Test of the hypothesis that 4 factors are sufficient.
as 0.901 The chi square statistic is 23.31 on 24 degrees of freedom.

gg 0.900 0.915 The p-value is 0.501

q8 0.887
q9 0. 862

ql10 0.776
qll 0.885
qiz 0.873

Factorl Factor2 Factor3 Factord
55 Toadings 2.426 2.399 2.373 2.155
Proportion var 0.202 0.200 0.198 0.180
Cumulative var 0.202 0.402 0.600 0.779

Factor Correlations:

Factorl Factor2 Factor3 Factord
Factorl 1.000 0.338 0.448 -0.404
Factor2 0.338 1.000 0.404 -0.479
Factor3 0.448 0.404 1.000 -0.388
Factord -0.404 -0.479 -0.3BE 1.000

% Maastricht University

70



Factor Analysis

&

R

34
35
36
37
38
39

Maastricht University

Editor @

# Parallel analysis and MAP test

fa.parallel(pata.01.pPPT[,1:12], fa="both")

vss(Data.01.PPT[,1:12], n=12, rotate="promax")
T
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Factor Analysis
R Graphics

Parallel Analysis Scree Plots

PC Actual Data
PC Simulated Data
PC Resampled Data
FA Actual Data
FA Simulated Data
FA Resampled Data

4
!

eigenvalues of principal components and factor analysis
3
|

Factor/Component Number
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Factor Analysis

*Q Console

The velicer MAP achieves a minimum of NA with 4 factors
BIC achieves a minimum of NA with 4 factors
sample Size adjusted BIC achieves a minimum of NA with 4 Tfactors
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Factor Analysis

-Q Console

= # schmid Leiman solution

=3

> SL<-schmid(Data.01.pPPT[,1:12], fm="pa", nfactors=4, rotate="promax’)

Loading required namespace: GPArotation

= 5L

schmid-Leiman analysis

call: schmid(model = pata.0l.pPPT[, 1:12], nfactors = 4, fm = "pa",
rotate = "promax")

schmid Leiman Factor Tloadings greater than 0.2
g F1%* F2% F3*  Fd%* h2 u2 p2

gl 0.38 0.68 0.81 0.19 0.42
g2z 0.38 0.69 0.81 0.19 0.41
q3 0.39 0.69 0.82 0.18 0.43
g4 0.57 0.68 I 0.79 0.21 0.41
g5 0.58 0.69 0.82 0.18 0.41
gé 0.57 0.69 0.81 0.19 0.40
g7 0.586 0.72 0.83 0.17 0.37
g8 0.52 0.70 0.77 0.23 0.35
q9 0.57 0.68 0.79 0.21 0.41
gqlo 0.50 0.58 0.58 0.42 0.43
gqll 0.60 0.66 0.79 0.21 0.46
gqlz 0.60 0.63 0.78 0.22 0.46
with eigenvalues of:

g F1® F2¥* F3*® F4*
3.91.4 1.4 1.51.2
general/max 2.61 max,/min = 1.26
mean percent general = 0.41 with sd = 0.03 and cv of 0.08
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Reliability: Cronbach’s Alpha

» Coefficient (Cronbach’s) Alpha (ranges: 0-1, cut-off value:
0.7 [0.6 or 0.8])

» Multiple Items
» Additive = recode reverse-scored items (MEAN SCORES!)

» Key Assumption: UNIDIMENSIONALITY (Cortina, 1993)
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Reliability: Coefficient Alpha

—_ — — .
@ Table 19.1 Input.sav [DataSetl] - IBM SPSS Statistics Data Editor - -

File Edit View Data Transform Analyze Graphs Utiliies Add-ons Window Help

T Reports » e [a]
HS @ o L")
= Descriptive Statistics 3 md
‘ ‘ Tables 3
I resp ” vi Compare Means b ” vh ” Vb ” var ” var ” var ”

1 1 General Linear Model 3 4

2 2 Generalized Lingar Models ¢ 4

3 3 Mixed Models 3 4

4 4 Correlate 3 6

£ 5 Regression 3 3

: ? Loglinear b ’; Analyze -
Meural Networks 3

8 8 - 4 -

5 9 Classify 3 3 Scale

50 10 Dimension Reduction > ; Reliability Analysis

" 11 Scale 4 EeliabmtyAréysws...

12 12 AT EMETETEEE b @ Multidimensional Unfolding (PREFSCAL)...

13 13 FERESTE " | EE muttidimensional Scaling (FROXSCAL)
Survival 3

4 14 Sunival EE] Muttidimensional Scaling (ALSCAL)

15 15 WMultiple Response 3 b x

16 16 Missing Value Analysis 3 3 4

17 17 Multiple Imputation 3 3 4

18 18 Complex Samples 3 4 1 4

19 19 Quality Control 3 3 ] 3

20 20 ROC Curve 6 4 6

21 21 T 3 Z 3 5 3

Rl 27 E A E A 2 A
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Reliability: Coefficient Alpha

&

.
2 Reliability Analysis

2 Reliability Analysis: Statistics

ltems: -u -

& a = & al =
& a5 & a2
& a6 &£ a3
& a7
& a8
& a0
& q10
& a1
& 12 £
Model: Alpha =
Scale label:

3| 4] 3| 4] 5| 5

2 2 2 3 2 3

1 a4 5 3 4 4

3 3 3 2 2 4

Maastricht University

SES RS

rDescriptives for
[¥ Item
Scale
[+ Scale if item deleted

rInter-ltem
[ Correlations
[] Covariances

|| Covariances

rSummarie rANOVA Table
[[] Means @ None
[7] variances © Ftest

© Friedman chi-sguare
© Cochran chi-square

[] Hotelling's T-square
[ Intraclass correlation coefficient

Model: ||

Confidence interval: |95

-¥Way Mixed s

[ Tukey's test of additivity

Type: |Consistency

Testvalue: [0

(Continue _cancet | _riep_|
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Reliability: Coefficient Alpha

&

Reliability Statistics

Cronbach's

a
-1.297 |

Cronbach's
Alpha Based
on
Standardized
tems® N of Items
-1.550 3

a. The value is negative due to a negative average
covariance among items. This violates reliability model
assumptions. You may want to check item codings.

What happened here?

Inter-ltem Correlation Matrix
vl Prevents | v3 Strengthen
Cavities Gums v5r
Inter-ltem Correlation Matrix vl Prevents Cavities 1.000 .873 .858
v3 Strengthen Gums .873 1.000 778
v5 Tooth VI 858 778 1.000
vl Prevents [v3 Strengthen Decay - - -
_ Cavities Gums Unimportant Reliability Statistics
vl Prevents Cavities 1.000 .873 -.858
Cronbach's
v3 Strengthen Gums .873 1.000 -778 Alpha Based
v5 Tooth Decay Cronbach's Standoar:dized
Unimpo rtant -858 ~778 1.000 Alpha ltems N of ltems
.938 1939 3
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Reliability Statistics

Reliability: Coefficient Alpha

Cronbach’s a

Cronbach's
, APnneee =k/(k-1)*(“shared”/’shared” + “unique”)
Cronbach's Standardized
Alpha lterms M of ltems
= 429 : =3/(3-1) * (4.882/4.882+3)

=1.5*0.619=0.929
Inter-tem Correlation Matrix

o1 o2 93 “Shared’= 2%(0.810 + 0.814 + 0.817) = 4.882
o 1.000 210 214
7 &0 | Tese 817
23 814 817 %$
' : : “Unique’™=1+1+1=3

item-Total Statistics

Scale

Carrected

Squared

Cronbach's

Scale Mean if Yariance if [tem-Total multiple Alpha if ltem
[tem Deleted [tem Deleted Caorrelation Caorrelation Deleted
i1 TAT 3,506 852 T2R .a9a
q2 G.91 3457 854 724 B96
q3 T.03 3.266 B&T 734 895
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Perceived Ease of Use

Reliability Statistics
Cronbach's
Alpha Based
an
Cronbach's Standardized
Alpha ltems M of ferms
Az49 Az49 3

Perceived Usefulness

Reliahility Statistics

Reliability: Coefficient Alpha

Attitude Intention to Use
Reliability Statistics Reliability Statistics
Cronbach's Cronbach's
Alpha Based Alpha Based
an an

Cronbach's Standardized Cronbach's Standardized
Alpha ltems M of ltems Alpha ltems M of ltems
420 420 3 864 gaz 3

Cronbach's
Alpha Based
an
Cranhach's Standardized
Alpha ltems M of ltems
A4 A4 3
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Reliability Analysis

&

-Q Console

= # Coefficient alpha
=
> alpha(pata.0l.ppPT[,1:3])

Reliability analysis
call: alpha(x = Data.0l.PPT[, 1:3])

raw_alpha std.alpha G6(smc) average_r 5/N ase mean sd
0.93 0.93 0.9 0.81 13 0.033 3.5 0.91

lower alpha upper 95% confidence boundaries
0.86 0.93 D.QQI

reliability if an item is dropped:
raw_alpha std.alpha G6(smc) average_r 5/N alpha se

gl 0.90 0.90 0.82 0.82 8.9 0.057
q2 0.90 0.90 0.81 0.81 8.7 0.057
a3 0.89 0. 89 0.81 0.81 8.5 0.057

Item statistics

n raw.r std.r r.cor r.drop me
gl 439 0.93 0.93 O0.88 0.85 3.4 0.
gz 439 0.93 0.94 0.89 0.8 3.6 0.96
g3 439 0.94 0.94 0.89 0.86 3.71.01

an sd

Non missing response freguency for each item
1 2 3 4 5 6 miss

gl 0.02 0.15 0.39 0.33 0.10 0.01 0

g2 0.01 0.11 0.31 0.41 0.15 0.02 0

g3 0.02 0.13 0.35 0.36 0.12 0.03 0
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Kelly and Pornprasertmanit (2016)

Psychological Methods © 2016 American Psychological Association
2016. Vol. 21, No. 1, 69-92 1082-989X/16/$12.00  http://dx.doi.org/10.1037/20040086

Confidence Intervals for Population Reliability Coefficients: Evaluation of
Methods, Recommendations, and Software for Composite Measures

Ken Kelley Sunthud Pornprasertmanit
University of Notre Dame Texas Tech University

A composite score is the sum of a set of components. For example. a total test score can be defined as the sum
of the individual items. The reliability of composite scores is of interest in a wide variety of contexts due to
their widespread use and applicability to many disciplines. The psychometric literature has devoted consid-
erable time to discussing how to best estimate the population reliability value. However, all point estimates of
areliability coefficient fail to convey the uncertainty associated with the estimate as it estimates the population
value. Correspondingly. a confidence interval is recommended to convey the uncertainty with which the
population value of the reliability coefficient has been estimated. However, many confidence interval methods
for bracketing the population reliability coefficient exist and it is not clear which method is most appropriate
in general or in a variety of specific circumstances. We evaluate these confidence interval methods for 4
reliability coefficients (coefficient alpha, coefficient omega, hierarchical omega, and categorical omega) under
a variety of conditions with 3 large-scale Monte Carlo simulation studies. Our findings lead us to generally
recommend bootstrap confidence intervals for hierarchical omega for continuous items and categorical omega
for categorical items. All of the methods we discuss are implemented in the freely available R language and X
environment via the MBESS package.

R Package MBESS

Keywords: reliability, confidence intervals, composite score, homogeneous test, measurement

Supplemental materials: http://dx.doi.org/10.1037/a0040086.supp

% Maastricht University 82



References

Acito, F. and Anderson, R.D. (1980). A Monte Carlo Comparison of Factor Analytic Methods. Journal of
Marketing Research, 17 (2), 228-236.

Bacharach, S.B. (1989). Organizational Theories: Some Criteria for Evaluation. Academy of Management
Review, 14 (4), 496-515.

Conway, J.M. and Huffcutt, A. I. (2003). A Review and Evaluation of Exploratory Factor Analysis Practices
in Organizational Research. Organizational Research Methods, 6 (2), 147-168.

Cortina, J.M. (1993). What is Coefficient Alpha? An Examination of Theory and Applications. Journal of
Applied Psychology, 78 (1), 98-104.

Davis, F. D., Bagozzi, R. P., and Warshaw, P. R. (1989). User Acceptance of Computer Technology: A
Comparison of Two Theoretical Models," Management Science, 35, 982-1003.

Gorsuch, R.L. (1983). Factor Analysis. Hillsdale, NJ: Lawrence Erlbaum & Associates.

Hair, J.F., Jr., Black, W.C., Babin, B.J, and Anderson, R.E. (2018). Multivariate Data Analysis. Cengage.

Netemeyer, R. G., Bearden, W. O., & Sharma, S. (2003). Scaling Procedures: Issues and Applications.
Sage Publications.

Malhotra, N. (2010). Marketing Research: An Applied Orientation. Upper Saddle River: Pearson/Prentice-
Hall.
o2

] Maastricht University 83



References

O’Connor, B.P. (2000). SPSS and SAS Programs for Determining the Number of Components Using
parallel Analysis and Velicer's Map Test. Behavior Research Methods, Instruments & Computers, 32
(3), 396-402.

Stewart, D.W. (1981). The Application and Misapplication of Factor Analysis in Marketing Research.
Journal of Marketing Research, 18 (1), 51-62.

Tabachnick, B.G. & Fidell, L.S. (2007). Using Multivariate Statistics. Boston: Allyn and Bacon.

Wolff, H.-G. and Preising, K. (2005). Exploring Item and Higher Order Factor Structure with the Schmid-
Leiman Solution: Syntax Codes for SPSS and SAS. Behavior Research Methods, 37 (1), 48-58.

% Maastricht University

84



R eferences

Beaujean, A. A. (2013). Factor Analysis Using "R". Practical Assessment, 18(4), 1-11.

Chapman, C., & Feit, E. M. (2015). R for Marketing Research and Analytics. New York, NY: Springer.

Crawley, MJ (2013). The R Book. Chichester, UK: John Wiley and Sons.

Everitt, BS and Hothorn, T (2006). A Handbook of Statistical Analysis Using R. Boca Raton, FL: Chapman
and Hall/CRC.

Faraday, J.A. (2015). Linear Models with R. Boca Raton, FL: CRC Press.

Field, A, Miles, J and Field, Z (2012). Discovering Statistics Using R. Los Angeles, CA: Sage Publications.

Kabacoff, Rl (2011). R in Action. Shelter Island, NY: Manning.

Kelley, K. & Pornprasertmanit, P. (2016). Confidence Intervals for Population Reliability Coefficients:
Evaluation of Methods, Recommendations, and Software for Homogeneous Composite Measures.
Psychological Methods, 21(1), 69-92.

Muenchen, RA (2009). R for SAS and SPSS Users. New York, NY; Springer Science and Business
Media.

Revelle, W, Psychometric Theory. [http://www.personality-project.org/r/book/]

% Maastricht University 85



— o it
v

—

Thank you for -
Your Attention!

T T— '.-x;""“‘ s TS
e
S . - -




