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Carver, Laurenceau, & Zhang, 2012; Cucina & Byle,
2017; Hyland, Boduszek, Dhingra, Shevlin, & Egan,
2014; Salerno, Ingoglia, & Coco, 2017)
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Chen, Jing, Hayes, & Lee, 2013; Cucina & Byle,
2017; Gu, Wen, & Fan, 2017a; Hyland, et al., 2014),
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WA T ALY TR T 5 —Fh AR AR A ) R
(B SCARAM), FAXUE F AR R4 T B, &
B PRl A UL T PR A

AR AR S A T ARG 56 0 He A, TR SR L
BT S50 R BN DA 25 o SR N Y e S
THEEE Ty . ISR R (B Gu, Wen, & Fan, 2017b;
Wu, Wen, Marsh, & Hau, 2013), A figfiih Hod 4 im
PIPEHY o BEAE, 2 SCIABEAEL rhoke 45 4 22 B30 e AN AR,
HCSE 25 18 2R B AR S B A0L S 3 1) SR A AT iR T T
B, WiH, ST BRI S A 1 RERIRE, X
FERR TR AL o ASSCHE N T3 7 101 1 1A

AR SCK 3 3 525 R 1% (Monte Carlo)i48l,
oo XL ER] A5 8 (il J2 RS 6 A2 L 481 24 o) 7 A A
TS b 43 ) oy P70 o 0 A AR s, 0L PR A 2 A
e B R R B AE O AR A R R, RG AR
REAHXMRZE . SR ) . SRR RR A

2 B IA

2.1 WEFERE

X - B8 SRR Sy 42 JR) = JRy A AT AR
(general-special factor model), @& 1 Y M, Fis .
XL PR A5 AR i 152 ) ) 7 7 42 ) R (general factor)
F1JR) K K F- (special  factor), 4= Jmy K ¥ fif B¢ B A f8t
H Ry e A2 5 Jm el b a1 4 s 1 I 36
e J (R T — 4R A9 3L [R) A2 5 (Chen, et al.,
2006; LT A, W, 2017), IZHR R AR £ 450
HRA N, AN LG | EEROHEY . HE O
2#2% (Distefano, Greer, & Kamphaus, 2013; Howard,
Gagné, Morin, & Forest, 2018; Wang, Fredricks,
Hofkens, & Linn, 2016),
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27 —ANERHNTF G M n NEEHETFS,,S,, S, ,
MR x, T LLROR (548, S BE, 2012):
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H, g 38 H xAE2RN T G LR, b 28 H
xAERFR S AT, S 2 H x, IR 158 2% .

A AYB 4 JR B T s ARG, SRk
B Z T DAESG; RS2 RmETF . REEFA
G, HIRZEZMIAAC . 2 R+ Z A AN A
XK, WA IEAS AU FHE R SC—FE, ASBFFE R
WA 3 DA A REE T 4 DMEPRIYIESS
XL A

BT WA AR M AL B AR M,

22 SMEFIRE

W UL = B PR TR R 2 B PR T (second-order
factor)fAY, AN 1 HH Y My B o i o IR e 4
B — B A (4 B ) Ry e [F A28 5, — B PR i B A
AR — 4178 E 3[R S (2L, IR, 2017),

B — Gyt AL x5y, x, 4L, 9
w1 EBrEF G M on A —BEF R E, F,,
MR x; AT DA (AN 28, DBE, o+ 18,
2004):
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(PR — B R 7 B 5% 22), X0 3 X80 PR 152 2 v
JRFRA -, O E TS S s AR BR
ZEEIAFHG . ARG 3 M—IHF, 51—
R PR 4 A~ E A e B R AR
23 MMERXR

i B PR AR i 2 OO P A5 A (Schmid &
Leiman, 1957; Yung, et al., 1999), {Ffa]—/> 1B A
TR ER T LU AL R — AR TR R A s By
W T 2 RmAEF, — N8 H xR R BT B
A a; 55 T2 HE N+ F LRy 4, 80
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TEJR R 7 S, by B far st 5 T8 B A —Bir A1
BT Ay, EAMERAXGORALRXQIFSA
(D) HedeHE S 5k (Demars, 2006; Schmid & Leiman,
1957),

Schmid Fl Leiman (1957)3E B 7E 5 12 Fb 91 2 R
WF, PRPEBCARLE SN . B2 RORTR, TR
BEv, 4 Jay PR 04 1 g R R FS IR - 18 47 fef 22 LA T
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By, BN [R) 4 B2 i A BT LA TA] o R, —fBe i
KR AR R AN LU 2 R A 1, S BR i AR
MEFR B 22 G- A8 18 1 T F G R L 491 24 B 25 A XL
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Differences T & 32 1) 5&F XA 15 78 [ HH A9 SC B2
o, A 330 SR TR T, AR T
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24 TN AT AR KR

TERUAE TR v 42 )Ry PR -1 Sy T 28 d s
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XFF R E B A, EQS B4 nT L B
F— By BRI 7 14 5% 22 7 R 700 A% & (Bentler, 1995),
{2 Mplus FRAFALAT LU FH— B B 4 S i) 2%
(Muthén & Muthén, 2012), EAXGCALN(S)
GIECS

Y=cG+) c;S;+e=cG+y c;(F,—h,G)+e
= =t
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j=1 =1
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AT A BB TR U i, S8R
Se=d+ e h,, LA TR
R BTSSR Mplus BT HHISE 2.
3 AU

WATE SCHEE THRSCHERIATG, R ERIALE
TG A2 HE A9 24 3 B4 LR AR TR kb AR e AR
IR AL, AR 2E DA R A R 550
FE—2, RO L LB 20 SR T, i B PR AR 7R 2
AER A UL EROR (PR N ¥ S Y N 54 S s
T, A7 BSR4 Jay PR A ) a8 DR 1 [ s 1 Sy 5001
AphE, HK XN TR SR 56 R . A
Hb, TCiE EAR AR SR 4 ey PR T 1A 2 SRy i PR A A T
Ap i, R B R AR A S R AR IR RN, N T
T RE, X E AR

T TR R A AR IR S AN R A 24 B LR T
BRI BRI TY, R AR SO IR B . BRI
I BT R0h A v A8 B A i AR e A B APk, H
PR P RR AL T 48 SR v B — 3, BT DA T A AL
PN RIS, STRCH—FE, Sbri &
3 AR bR AR A R G [ R LA AR Y 0.7
(B Gu et al., 2017b), FIUMFFEBE T T BSR4 X
U AR 2 I AR R A T
3.1 Rt

LAY S AN 2 LU 91 2 SR SR AR AF
A TN AR TR M, P2 BdE, 51
X, SEOEHR B SRR —8k, EAR ST
SER R BB T BT (B R AT A 1 e
BRRMAT IO B & A0 ) o

(1) &JRETFR 7. 0.4,0.5, 0.6 F1 0.7, 45
R4t 12 ANEH, B&EAT, 28 12 MEETE
4 Jm W b W fr &R AH 48 (Reise, Scheines,
Widaman, & Haviland, 2013; ##E 45, 2017), A~
T 2 A8 240 B 25 A 1) WU - B Y 1) — A e 43 (EUAR
WhENFRA A, AN[REH AR R — A R T L
ff 4 ARAHEE, (HAE 4R 1 b B S fr A A5 o M, B4
JaFR R 4 ASEE, HA i E oy 0.4, 0.5,
0.6,0.7,

(2) fRHEFEEBHEF g R E T
FheH 4. 0.3, 0.3;0. 0.3;0.3. 0, #l, 0, 0.3%
742 JRy PR R RIORR IR 800 R 0, 3 A Ry s PR X 3
(RN A2 0.3

(3) BEAZS w200, 500 F1 1000,

(4) F AT RBEARL XU F A M, R B P
THEAI M,

ARSI 4x3x3x2 IR A, 1l 3 3
RO N R, BE—TMHREHRANF R,
PR R E &, G 36 MukF414 . Mplus
7.4 BEAERL 1000 DMEEAKHE, IR G E R
1000 X o

S Jm Rt R e . SR R B
LS g R SR, AT AR — XU PR AR A R
PRl TR R0 R ST R o HI e P DATEAS [ B 2540 T
PEAT HO AL, QRIS TR | 250 R A AR XS T
25, GUIHRE ) | SRIZEERIRAR, W LT )R
7 FR A 7 REARZ RSB, EHE AR
ety Ao
32 &

ARSCER T AR SC—RER S TREAR R H N 1000
LSRN, [l I 4 AR 4 S 500 71200 Y454
321 EEHME

HEBRANIA S RO 4E R, AWl . 5 22 Fbn i
BN TEIE, 0% I8 SnR ol PEARZ &>
1000 I, PRI I SR AR TE 99% LA b o BEE FE
AR D, PR ICSCRREAR, (HERTE 92%
DL, R 2E 6% [RRMELLT, @k A
W SIOR T UL A A
322 REME

—IN A, CFI (comparative fit index)#1 TLI
(Tucker-Lewis Index) KT 0.9, RMSEA (Root Mean
Square Error of Approximation)fl SRMR (Standardized
Root Mean square Residual)/NT 0.08, D571 {4
14 B ff(Marsh, Hau, & Wen, 2004; 5 EEE, A4S
&, HAFBRAEE, 2004). 7 355 AIC. ABIC B/,
A B A B 4 (Burnham & Anderson, 1998), r
AT, WA FRAIU GRS, BSR4
G AR F AR 22, (IR 3] T35 R bR
3.2.3 HHMARIMBENEE

FHXT i 22 (relative bias) &8 S 50Uk 18 ) F- 14
BRI IAHZ 22 bR A ECSHE, B bias(¢) = (mean(¢) —
o)/ c, MTHERAMAITHERIREE . —BIAN, FHXF i
ZENHENHETE 5% LA AT LA Z % (Hoogland & Boomsma,
1998), #£ 10%LAN AT LI#EAZ, H AT LA RS ol
it (Reise et al., 2013), FIFRSC—FF, AWFFE ELEAH
X i 22 4 48 X

H T = AN R AR 7 (— B R i 5 22 ) ) 22
I, SARBRARAE AR, 3k B R — A%
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(ST HAFIEsH ZBOMEE R, WK 4 s, WA
TR AU 55 Fh) Z2 K00 AR e 22 LU e B PR A A Y
W, A EAER . FEARZ /N H AR
PR S0 p AR, R R] A5 7R 45 4 2R 01 A XD 2
R, FEAR B, WUR - A 45 k) 22 50 )+
M ZEE /N, 85%IMAb B v, XL PH R R 45 ) ZR 5K
(R 25 /N T 10%. RS FEASZS BEHE N, B4k T
PRI RIZE G R B AR R 2228/ IEAb, 42 )m HF
G par A, XSRS 0 48 ) 28 50940 R Ko i 2 /S
324 @It H

SR ) (power)J& 46 EAEA K O 1), AhIH{A
EARET 0 AR, SR iR 1 .
HEL S AT 0L, FERTA AT, #0R B TR i 4t
THR I ) LU e . FEAR S RBOR, WAL SETt
Krge Sy &R . BeAh, &R far ok, AR
R GE TR 30 1 AR =
325 FIHEEIRE

55 1255 1R E (type | error rate) & 45 ELAEH M 0 5,
fHE B EARET 0 FMER, —BIAHE 1 2451R

AT FLAE 0.05 B, 7E 0.025~0.075 Z [H] /27T L
52 Ky (Bradley & James, 1978; Mackinnon, Lockwood,
& Williams, 2004; Wu et al., 2013),
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A R S DR A D TN A e, R LA AT Y 5
IR IRALBOR

4 B ANTS

TR SCT S LA R L f91] 249 SR A 00 PR 755 25 (akg B
SN T e B PR A 2 ) g S ) A R 5 A A
PRI, HEBE T HIOUPR T A5 B s B A A 20 A
BT AS5H R T, JLIR T2
KU A5 1 5 J2 g e PR A 2, RSO T LA
B A S IS R L0512 R 8 R B A A Sy L S
DN AR = A R AT LU, CIRg R R S
TROCHATR], #IRA R o IRSCHIBLUPT IS R R
REVLHT, W 2 LB 2 A PR, g B PR 7R 454
BN 22 TN o A0 — B T o B 23R A%
JEAN R, TEMAELL T, ARER ORISRk IE
B, DU B SCAE R AR — B TE R, AR ek
SCHCRANPRIES, WA SO SCE R . eAh, A
Z B L T PRI R R I, ARG HR 2
SR BRI R 22 . GETTRL ) | B T 2R IRAR

24 AR AL L 2R R AR I, 5 XU A
AL, o B PR A T8 4 Ay 2% % R X i 22 552/ (G
FERSCHILE R —20); 5 T R RR AR, (HA5 )
WA, PR R A L& TR 22 S AR, #RIBFIU
B RAFRIARAE . BB R B TR L R (A
HIBE TR, A R BT B A2 L 19 29 SR A% A
I, e B PR R B AT T, U R AR A A
BRI, A3 T BARR ) el 2 2K o

2 FCAE RN L 29 R R AR, T B A
TR A DA S T IR BRI R g B PR A
RIS TR EGL 2 T LA, B XU TR 5
B2E, WHEEME, SHEEHFERAMLL, WHE T
H5 Y254 2R R RN i 25 /S, U Y NV 3%
RIS . X SRS RIEF AR, BT ATRSCHY
BERVAEwE . HEAb, AR DL AR XA T
IR GETH R0 I B, AHRHE, 55 1 SRR IR Ng
1o OUHAEA B LU/ IS o B2, SN
FE LU 2 2 A I G A 0 R T e R D), M
GEit 1 A RE UL =5 B PR 7R L OUA AR R 4

WA, RARAEFMALA T, B XA
TR ? AR, WM MRS A
AU H AR, 50URF R L, mB A
TR i a3, i EL AR g — B A T E R R
PR S B o A RAVT 5 P e B PR A R
Fros, ke AEE 2 Ry, HADUTE6E

PRUL ik BN EOR, EALIEZ 0. [H SRy R R A a]
DIz, JEAREUL B T XU TR AL,

e T A AR A 1 v o R CFE— B A |
T UL 0 2% 8 G ) L, DALk s B DTS 00 0 A
WA AR, — B B4 T AR G, s
T WL 0 AR 4 AR FH 56 4l ad — By BT A 4R 52
P (Gignac, 2008; FLL#A%, DM, 2017), TR £
HBE R (1) 42 Jy PRI = 1 Jp 38 DR 8 B 4 e SCHE UL AR
i b, ORI AR R R N, A BT G R A
Jay R JR R T RIRObR S B 2 B8] Y G 2 (Beaujean,
Parkin, & Parker, 2014; Chen et al., 2006), 4551 J& >4
5 P v B R A AR 5 SR BB ) B i, LR TS Y
FEAEAS 2 R IRR AEA

AHIFFE R I AN R LB 2 R SR, HEACEE
O 1000 B, XOUR AR (10 275 T 285 IR R ILAS AT
PAFEAZ, REARZSESN 500 B, 375 it b 3 3UA
TREAY) SR 1 AN DR AHAE rT HE 32 B N o R,
G RS R e N N = o N E iy N B A 1 N N
500, BEAl, g i PR A 76 i L2 XU ] A 75 A e
S, FEASES SBR R MAT B T sl s, i HURAE
At 500)45 2 ) F0 R 22 AR AT a2
Fil, A 8w AR 5 ) o

A B A AR B H A 4805 8 BT BEAS 41 E 2
R A A 30 2 vy i PR 465 18 0L 65 22 G ) s
(R FLA 5 A B J2 LU 5] 24 B 18 B0 D] A5 78 AN
T 2 Lb A1) 24 TR 1 R IR - A5 A Y £ B, 4 (i
AIC. ABIC)ZRIMA—, XJF AIC Fl ABIC, ¥ 2 [t
151 24 o 25 A7 s SOL PR A g ER ARG, T A it A2 L8]
LSRR AR R B PR AR AR 1) B R o AR SEUEF 5
AT LL3E 2 A PR AR L Y ATC il ABIC ) B I~ 5
WEHN A Z 4RSS, MR NH TR AIC, BIC
R, ] T3k FH e B PR A, 2 el AL
R T BRI SR 4540 R A0, WBAE T i — i e 2 it
SHBRZ R LR

RT R SCEE R, AR SRS IE
ZERUH ALY AH TE A2 AR A5 78 AR 2 SRy 508 R - ]
AHR . TEHE— B IEOL T, BIRUN FHE8 s
HF RVFAH G, AR R/ 2B, A frit
— R

2 % X #
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Abstract

Mathematically, a high-order factor model is nested within a bifactor model, and the two models are
equivalent with a set of proportionality constraints of loadings. In applied studies, they are two alternative models.
Using a true model with the proportional constraints to create simulation data (thus both the bifactor model and
high-order factor model fitted the true model), Xu, Yu and Li (2017) studied structural coefficients based on
bifactor models and high-order factor models by comparing the goodness of fit indexes and the relative bias of the
structural coefficient in a simulation study. However, a bifactor model usually doesn’t satisfy the proportionality
constraints, and it is very difficult to find a multidimensional construct that is well fitted by a bifactor model with
the proportionality constraints. Hence their simulation results couldn’t extend to general situations.

Using a true model with the proportionality constraints (thus both the bifactor model and high-order factor
model fitted the true model) and a true model without the proportionality constraints (thus the bifactor model
fitted the true model, whereas the high-order factor model fitted a misspecified model), this Monte Carlo study
investigated structural coefficients based on bifactor models and high-order factor models for either a latent or
manifest variable as the criterion. Experiment factors considered in the simulation design were: (a) the loadings
on the general factor, (b) the loadings on the domain specific factors, (c) the magnitude of the structural
coefficient, (d) sample size. When the true model without proportionality constraints, only factors (a), (c) and (d)
were considered because the loadings on domain specific factors were fixed to different levels (0.4, 0.5, 0.6, 0.7)
that assured the model does not satisfy the proportionality constraints.

The main findings were as follows. (1) When the proportionality constraints were held, the high-order
factor model was preferred, because it had smaller relative bias of the structural coefficient, and lower type I
error rates (but also lower statistical power, which was not a problem for a large sample). (2) When the
proportionality constraints were not held, however, the bifactor model was better, because it had smaller relative
bias of the structural coefficient, and higher statistical power (but also higher type I error rates, which was not a
problem for a large sample). (3) Bi-factor models fitted the simulation data better than high-order factor models
in terms of fit indexes CFI, TLI, RMSEA, and SRMR whether the proportionality constraints were held or not.
However, the bifactor models were less fitted according to information indexes (i.e., AIC, ABIC) when the
proportionality constraints were held. (4) Whether the criterion was a manifest variable or a latent variable, the
results were similar. However, for the manifest criterion variable, the relative bias of the structural coefficient
was smaller.

In conclusion, a high-order factor model could be the first choice to predict a criterion under the condition of
proportionality constraints or well fitted for the sake of parsimony. Otherwise, a bifactor model is better for studying
structural coefficients. The sample size should be large enough (e.g., 500+) no matter which model is employed.

Key words structural coefficient; bifactor model; high-order factor model; proportionality constraints





