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Abstract

Common factor analysis and principal component analysis represent two technically distinctive approaches
to exploratory factor analysis. Much of the psychometric literature recommends the use of common factor
analysis instead of principal component analysis. Nonetheless, factor analysts use principal component
analysis more frequently because they believe that principal component analysis could yield (relatively) less
accurate estimates of factor loadings compared to common factor analysis but most often produce similar
pattern of factor loadings, leading to essentially the same factor interpretations. A simulation study is
conducted to evaluate the relative performance of these two approaches in terms of factor pattern recovery
under different experimental conditions of sample size, overdetermination, and communality.The results
show that principal component analysis performs better in factor recovery with small sample sizes (below
200). It was further shown that this tendency is more prominent when there are a small number of variables
per factor. The present results are of practical use for factor analysts in the field of marketing and the social

sciences.

Keywords: Principle component analysis, common factor analysis, sample size, communality, overdetermi-

nation, factor recovery.
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o] (mean squared difference) 59 A& AASA AE3 BT QAT o] HFZHo=z dn}
U dA5=A& Z AL} (Snookd Gorsuch, 1989; Velicer 5, 1982; Velicer?} Fava, 1998). 5 HA|
712 g #H( ahdlty perspective) oA g A& o] duly BXwe] g Q3 (population
factor structure) 2 2 EH& 4 =712 Fr)sitt. o] 7|&8 v R QA ke e v
ngozZH Qo7 FAMY (similarity of factor structure)S ZAFSCE. HbH oz Q AEA S A}
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Table 2.1. The result of common factor analysis and principle component analysis on the image of store.

Variables Factors Components

1 2 3 1 2 3

Price Level —.18 .15 97 —.19 .16 91

Sales Person —.77 .29 .28 —.80 .28 .29

Repund Policy —.85 .24 .09 —.88 .24 .08

Stock —.25 .76 31 —.25 .81 .30

Product Quality —.17 .21 73 —.14 .18 91

Depth of Product Categories —.21 .84 .09 —.19 .90 .07

Width of Product Categories —.28 N .16 —.27 .84 .15

Service in Store —.79 .16 .10 —.87 .14 .08

Mood in Store —-.79 .25 .19 —.84 24 .18
3 o] P W] W (Varimax) 3] AL #-83}o] Table 2.10] U= 23S 49it) Table 2.1
HY FARRAL Fol 9L 2AAAT] FERALY AT} A QB ATk AL T 5 9

LS |
QA XFehs afriate] AAAERRE AAFY] wfjgo] MRtHog =
3 2ol B 77k 3 (5, 22 322 o] FolX A Fd S AEdr 23A
o} = 40 OlE (Hair 5, 2009)2 AH&3L1 ool wje} whedld 2
AAdE Hrpd 7 2AFEIH2 59T 2l A 2E =&

[l
|
[}

AR 9 PEAE ATASS 293 ZAWS 29 T2E BAS el 2aaY T
AASE o 29 BAS T ek webd SAFEwN SoTE BASHS oRE 5
ol At} (Acito2} Anderson, 1980; Gagne®} Hancock, 2006; Guilford, 1954; Pennell, 1968).
Zog THRoE Qo B 93 43 = Aog d#A U}t (MacCallum 5, 1999).
A 97 e 9o 04 N o) T MEs AT $ G A b A2 9
Toll 29 2972 5Y98S 22, ohyet 354 (communality) 7 291 o) W4 v (factor-
to-variable ratio: overdetermination)®l| QJSIME I A FTE W=ty A ot (Velicerd} Fava,
1998; MacCallum %, 2001). webA 2072 Eeo] A5t Algdo]d ArolA A=s|oF & S35
AY Haye ZBA, B2, 29 o) A4 vtk

B Aol EHS(n)E 50, 100, 200, 300, 50002 AAPTE EHS n = 502 2ARAA 3%
2 5 e H4 2272 gEA Ut} (Velicer# Fava, 1998). 35482 tha 22 Al 7K +&82
A8tk High (.6-.7), Low (.2-.4), Wide (.2-.8). 29 tf W4 v&L T 71 207 28
g 4= itk =2 g9l b W< v]&(high overdetermination) =04 291 4=(f)+= 37 28]
(p)= 2072 AR (f:p=1:7). ¥ 29 o] A 8]&(low overdetermination) oAl 291
5 f=72383 A5 NgeE p=20° (f : p=1:3). Tucker 5 (1969)°] 73t A& AL-E-3)
A 6708 RAY AL BEATL ol BEA Al £2(3) X 29 o 05 Mg F 422 =
gtol sgEnt Zzke] R Amsl el Cholesky 2812 A-88)A] A4zt & (upper triangular
matrix)S 73k Ff £ =+ ¢ (random number) & YA A o]& A ZE FIA BEES A
3t} (Wijsman, 1959). & 3071 A3 27 (5 Sample Sizes x 3 levels of communality = 2 degrees
of overdetermination)o|A] Z}z} & A#APH-S 2007] AAsIH . 2AHSZ F 6000719 HE AF
Bagol ARHALh 7 B2 ADuo] FARRAT 2ERARAS AdheEHS AAN 27
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Table 3.1. The result of ANOVA of congruence coefficient

Source Sum of Squares df F Sig. Eta Squared
Approach (A) 5.51 1 828.99 .00 .065
Communality (B) 12.43 2 935.41 .00 135
Overdetermination (C) 24.42 1 3676.99 .00 .235
Sample Size (D) 33.81 4 1272.77 .00 .299
AxB .55 2 41.46 .00 .007
AxC 5.17 1 777.88 .00 .061
AxD 9.91 4 372.98 .00 111
BxC 3.31 2 249.33 .00 .040
BxD 4.08 8 76.73 .00 .049
CxD 14.99 4 564.27 .00 .159
AxBxC 31 2 23.45 .00 .004
AxBxD .44 8 8.22 .00 .005
AxCxD 8.95 4 337.04 .00 .101
BxCxD .89 8 16.70 .00 .011
AxBxCxD .36 8 6.81 .00 .005

Error 79.304 11940

EAsELo 29lsA4e FAH (similarity of factor interpretations)2 21|

& + J=ZA] ¥bE 02 Tucker®] X% A4=(congruence coefficient) & A&

o] ALE B83A BT 22 2 JAAF FE AP FAEES Jﬂ7}3}5‘r Lorenzo-Seva2}
ten Berge (2006)+= ©] A59] ajA71ES AA Y A= AS 85945 TS 7] -ﬁ-/\]'
A (fair similarity) 22 3|43t} X =AG57F 95 o4 AP ZRG Rl g AAxF dE
A2 ZgetA gAsitta d3itt & = AE
9970]th. UubR o R YA EA L 855 SATR & -4 Ha 7]
Velden, 2012; Rammstedt -, 2010).
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of Agelold AN Al 7b ARAR(S, FEA, BEE, 29 o) W5 ulE)9 SAFEPY(F
HREA vs. FERAVAAYSEN)S SUALE, IAE AFE FHARE 23 oi7]0] 2
£4(ANOVA)S H83le] 2t SYW57L FEuso] od 9GS FEAS AALGOR 2AE 5
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Ao

E

g 4 Q7] wjFoltt. oY A% 3‘?1-‘4' A7) (effect size)E /‘]“Q“b"ﬂ*ﬂ Zr =49 9
8t} (Paxton 5, 2001). ©] =®o|A+= &3}37](eta square) 7} .06 0]”'01 44— 2 AL 22 g It
AdAH o7 Fousitia 2133t} (Cohen, 1988). Table 3.1& HH ZE Fg¥ 7 o)A o}
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Figure 3.1. The congruence coefficient at high overdetermination of principle component analysis and maximum
likelihood method
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Figure 3.2. The congruence coefficient at low overdetermination
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Figure 3.3. The congruence coefficient at high overdetermination and low communality condition
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Figure 3.4. The congruence coefficient at low overdetermination and high communality condition
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Figure 3.5. The congruence coefficient at low overdetermination and wide communality condition
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