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BIAS REDUCTION OF ESTIMATED STANDARD ERRORS
IN FACTOR ANALYSIS

Haruhiko Ogasawara*

Formulas for the asymptotic biases of the estimators of the normal theory standard
errors in factor analysis are given with and without the assumption of multivariate
normality for observed variables. The biases are derived from the asymptotic vari-
ances of standard error estimators and the asymptotic biases of the estimated vari-
ances of parameter estimators. The latter biases are derived from the asymptotic vari-
ances/covariances and asymptotic biases of the parameter estimators. The formulas
cover the cases for unstandardized and standardized variables. Numerical examples
using factor analysis models show the accuracy of the formulas. The biases of standard
error estimators are theoretically and empirically shown to be of the same order as that
of the differences between the asymptotic standard errors neglecting higher-order terms
and those considering them.

1. Introduction

Standard errors of parameter estimates are often used in structural equation model-
ing. In the familiar programs such as LISREL (Joreskog & Sérbom, 1996), EQS (Bentler,
1989) and Amos (Arbuckle & Wothke, 1999), the standard errors are available mostly as
asymptotic ones for e.g., maximum likelihood estimators. For exploratory factor analysis
with factor rotation, the standard errors of typical rotated solutions (e.g., the varimax
solution) can be obtained by the programs CEFA (Browne, Cudeck, Tateneni & Mels,
1999), SAS (SAS, 2000) and ROSEF (Ogasawara, 2003) with the assumption of multi-
variate normality for observed variables. The assumption of multivariate normality can
be relaxed without losing the validity of the normal theory standard errors for the models
with asymptotic robustness against the violation of multivariate normality under some
distributional conditions (see, e.g., Satorra, 2002 and the references therein).

The normal theory standard errors, however, have inaccuracy in finite samples even
when the normality assumption or the condition for asymptotic robustness of a model is
satisfied. Because the standard errors are obtained from a lower-order term of an asymp-
totic expansion, they are still approximate ones under the condition when the population
parameters, on which the standard errors usually depend, are available as in experimen-
tal situations. Since in practice the population parameters are not available, they are
estimated, which gives estimated asymptotic standard errors and consequently added in-
accuracy of the standard errors. Ogasawara (2002) gave the general formulas for the
asymptotic standard errors of estimated normal theory standard errors of maximum like-
lihood estimators in exploratory factor analysis and structural equation modeling.

Key Words and Phrases: Asymptotic biases, multivariate normal distribution, nonnormal distributions,
asymptotic standard errors, asymptotic robustness, varimax rotation
* Department of Information and Management Science, Otaru University of Commerce, 3—5-21, Mi-
dori, Otaru, 047-8501, Japan.
E-mail: hogasa@res.otaru-uc.ac.jp



10 H. Ogasawara

The asymptotic biases of the estimated normal theory standard errors will be derived
in this article. Using the results we can correct the estimated standard errors, which will
reduce the inaccuracy of standard errors to some extent.

2. Order of the biases of the estimated standard errors

In this section it is shown that the asymptotic biases of the estimated standard errors
are of the same order as that of the added accuracy of the estimated asymptotic standard
errors by considering higher-order terms. Let 6; be the i-th element of a ¢ x 1 population
parameter vector 6 in a structural equation model and 0; be the corresponding estimator
by some method e.g., maximum likelihood. Then, using the Taylor expansion of 6; about
0; under the assumption that 6, is four-times differentiable, we have

Ao aéz 1 / 8291
0, =0;+ P S_a(s—a)+ 5(5—0’) EPER, S=cr(s—a)
+ = ;H{@Sas’asab (S_U)(S_U)I}(Sab_aab)+0p(n_2)>

(izl"~‘7Q)a (1)

where o = v(X); s = v(S); ¥ = X(0) and S are p x p population and unbiased sample
covariance matrices, respectively; v(-) denotes a p(p+1)/2 x 1 vector taking nonduplicated
elements of a p X p symmetric matrix (note that s is also used as a variable as well as
an estimate for simplicity of notation); and n4+1=N is the number of observations in a
sample. The usual asymptotic standard error of 0; is obtained from (1) as

7 891 o 71/2 89 80
oo’ (S_U)Ba - do’ 80’ (2)

where 2 = acov{\/n(s — &)} and 860;/0 o denotes 860;/s|s—y for simplicity of nota-
tion (similar notation will be used throughout this article). Since {ase(d;)}2 = O(n™?)

ase(f;) =

from (2), we write ase(6;) = 1/avar(f;; n—1) when necessary. A more accurate asymptotic
standard error can be obtained using higher-order terms as

B0, — 0%} = n*a <s—a><s—a>/}%

o) {5 s - o) o]

i {aaaafs 0)(5_0),})2

1 /
" 39 ;b“<a0 80’8ab( 0><S—0>)<sab—oab>
+0(n™?), (i=1,...,q), (3)

where E{n (s — o)(s — )’} should be evaluated up to order O(n~!). The expectation of
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the second term on the right-hand side of (3) is of order O(n~2) because the term is the
expectation of the sum of the cubic and quartic terms of (s45 — 04p)’s. Denote the asymp-
totic variance from (3) omitting the term of order O(n=3) by avar(@l,n , n~2). Then,
the difference of the asymptotic standard errors using avar(f; n=*, n=2) and avar(f;; n=?)
is

\/avar(éi; n=t n=2) — \/avar(éi; n=1)
avar(0;;n~, n=2) — avar(f;;n 1) O(n=2)

- - = =0(n*?). (4)
\/avar(ﬁi;n_l, n=2) 4+ y/avar(f;n~1)

O(n=1/2)

Equation (4) holds whether 6; is (first-order) bias corrected or not because the squared
bias is of order O(n~2) and we have the remaining terms of the same order in (3).

In practice, the usual asymptotic standard error is available only as a function of 0,
which gives an estimator ase(;). Assume that ase(6;) like 6; is a function of only s. Then,
/1 times ase(f;) is expanded in a manner similar to (1) as

V() = vase(d) + 2020 )
,02/n ase(0;)

_ —3/2
) 60’60'/ (S U)+Op(n )7

1
+5(s -
=1,...,q). (5)

(i

From (5) the asymptotic bias of ase(f;) is given as

0 ase(6;) /
tr { Yo 9o’ (s—o)(s—o) }1

=n"20(n) = O(n=%?),
(i=1,...,q). (6)

The result of (6) is obtained from the assumption that v/nase(d;) = O,(1) is an (im-
plicit) function of s or S. From (4) and (6), we find that the two sources of inaccuracy in

— A _1/01
abis{ ase(#;)} = n 1/2§E

\/avar(;n—1) ie.,

p{Vamin )} - B0 6)
_E {\/E@F(éi;nl)} - \/avar(éz-;n*)
- {\/E{(éi —0)2) - \/avar(éi;n_l)} (7)

are of the same order. It is to be noted that this equivalence does not depend on estima-
tion methods or distributional assumptions of S as long as af\se(éi) is a function of only
s. In a later section, it will be empirically shown that the absolute value of (6) can be
greater than that of (4) and vice versa depending on parameters in a model.
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3. Asymptotic biases of normal theory standard errors

The asymptotic biases of estimated asymptotic standard errors can be obtained from
(6) when the partial derivatives and the expectation in (6) are available. In this section,
we derive the asymptotic biases of the normal theory standard errors with and without
the assumption of multivariate normality for observed variables.

Let 0 be the maximum likelihood estimator which minimizes

F=|2(0)|+tr{Z(0)"'S} (8)
with 7 restrictions h = h(8) = 0 (r x 1). Then, the usual normal theory asymptotic vari-

ance (i.e., avar(d;) = avar(6;n 1)) of 6;, (i = 1,...,q) is given by navar(d;) = 2(H*);;

with
—1

(o)

po- | \0608") 96 :[H* Hh/] o)
oh o H, # |’
20

where (-);; indicates the (4, j)th element of a matrix, (1/2)H 4 is the augmented informa-

tion matrix per observation with

0*F 0¥ _ 0% o
(2 (gaaw)}, = 5 a0 ) @m0

(see e.g., Jennrich, 1974), ¥~' = £(0)~! and the hash mark denotes a submatrix of H '
which will not be used. Using the above notation, we have

Lemma 1. The asymptotic biases of estimated normal theory asymptotic variances of
the maximum likelihood estimators 8 are given by

q q
abis{avar(f;)} = n") lz (QHAla;HI: H;la;;l/* H;'

2H PO H )
- H;! 0"Ha Hzl) acov(fx,0;) — (2H21880AH ) abis(@k)} .
(i=1....0) )

Proof. Consider the expansion of navar(f;) similar to (5), which yields

~ -1 2 A, —1 2 *\
abis{n avar(6;)} = Lt{wﬂ} S { 0°2(H )”Q}

2 Oodo’ 0o do’
_ OoH
! ZZ |: < e O_AHA ) /ao—cd:| (Q)ab,cd
a>be>d ab ii
_ _ZOH4 .. ,0H4 0°H 4 _
=n! 2H ! H' —H'"-H'——H.") (Q)uw.
" ;;( A 8Ucab A 8Ucd A A 8O-u,baa-cd ii( ) bed

_ 8HA 89k _ 8HA 891 -
122 [2HA12 89k 80 ab lz 89l 8O'cd 1

a>bc>d
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= 1=1 56[ ()(7 (?(j’ 80 a H Q b.cd
( {(56k ab Cd} k (7abao'cd> A ( )a ,C

q q 2
_ LVOH,_OH, . OPH,
_ -1 1 1 1 1 H!
Y lz (2HA 96, A og, T4~ Ha 55 59, A )m.

00, 00,
x Dour 8TCd(Q)ab,cd}

; (12)

which gives (11). Q.E.D.
In (11) the first and second partial derivatives with respect to the parameters are given
as follows:

OHL\ 0% 0% __,0%
(aek)“_“{ 2256, % 90,> a6,

PS03 0% ., 0°%
»! I s
T 9606, a9, 96, 00,00, )
(Z.7j,k = 1""7q>7 (13&)
(8HA - (8HA> _ oh,
D0k ) iy \ 00 )0 00,00,
(i=1,...,m; j,k=1,...,q), (13b)

where h; = h;(0) is the i-th element of h(8),

92 H, 0% 0% 0% 0%
= 2y T — YT Y —3 —
(aekaal>ij “{ 96, = 96,> 96, 90,

+2212—i21%213—2212—2
+22—1g§i 2—1‘3—22—1‘;—22—12—2—22—1aigelz—lg—iz—lg—z
_22_12—22_182j§9k2_12—2_22_1?9—9222_12—2 ‘Bijék

FEp> FEp> 23 FEp>
! ! ! !
00,00, 00,00, ° 90,00, 0,00
PT 08 0B, #E )
90,00,00, 00, 90, 90,00,00
(/I:,j7 k’l = 17"'7q) (13C)

!
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and

82HA _ 82HA o 83hz
00r061) .\ ; -\ 06,06, Gt 00,0000,
(i=1,....r; 3, k1l=1,...,q). (13d)

n (13a) and (13c), the partial derivatives of ¥ with respect to the parameters are easily
obtained because usually 3(8) is an explicit function of 8. The second derivatives vanish
for linear models of ¥ in terms of 8. For exploratory factor analysis, the third derivatives
n (13c) vanish for the model with fixed variances-covariances of common factors as the
usual orthogonal factor model. The results of (13b) and (13d) depend on the restrictions
h(6) = 0 employed. One of the remaining factors to be evaluated in (11) is

nacov Hk,Gl ZZ aak 89l )ab,cd = %Q%

b)
=& OOy 00cq do’' Odo

(k,1=1,....,q). (14)

For nonnormal distributions, (14) is given from the partial derivatives in implicit functions

00 L08s
90’ = W gy

and (Q)ab,cd = Oabed — OabOcd (15)

S=0o

with o4peq being the fourth-order central moment of the (a, b, ¢, d)th variables. In (15),
gs is the gradient vector with

OF i1 ~-103%
i = =trdS (B -8)E =Y (i=1,....q), 16
(gs) 28, r{ ( ) a&} (i q) (16)

where 32 = 3(8) and (-);. is the i-th element (row) of a vector (matrix) and the subscript
s in gy denotes that the subscripted term is regarded as a function of s or S explicitly
involved in gg while 0 is temporarily regarded as a constant. That is,

A / N
0gs —10X o -1 0 (vecX) ~-1 _ ~-—1
(as/ ) = — (VGC (2 aé )) Dp = —%(2 ®E )Dp, (17)

where vec X = vec(X) is a vectorizing operator stacking the columns of a matrix X; D,

is the duplication matrix for a p x p symmetric matrix with vec(S) = D,v(S); and ®
denotes the right Kronecker product.
From (15) and (17), we have

00 . 0(vecX)

57 = 50 (= 'e 2 HD,. (18)

For normal data, (14) becomes simply, as was shown before,
nacov(f) = 2H*. (19)

The remaining factor abis(f;) to be evaluated in (11) is obtained from Theorems 1 and 2
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of Ogasawara (2004) for nonnormal and normal data, respectively. That is, for nonnormal
data,

bis(d,) — " S (2 g g 0Haga) (g102ga
aIS( 1)*_72222( - Cd) A 89k: A y 8—9] J

a>bc>d j=1 k=1

9% 0% REb>
H* y 2—1_2—1_2—1 _2—1 2—1
*+ )J( 20, 90, 96,00,
L0808 __ 06,
5102510291} L 9% (o —1,....q), (2
+ 26, 90, )Cd} aaab(ﬂ bed — OabOcd)s  (1=1,...,q), (20)

where d.4 is the Kronecker delta, and for normal data

q {m(2—182§r4 023 )}
; . 90, 00,00 N
abis(6;) = n-t H ! w v (u,v)t H* 7
(6:) ; A .
9600, L

where {'}(u,v)th is the ¢ x ¢ matrix whose (u,v)th element is given by the expression in
braces. The special cases of (21) for the estimators of the variances of unique factors in
exploratory factor analysis have also been given by Thara (1985) when p = 3 and Ichikawa
and Konishi (2002) for general p’s.

The asymptotic biases of estimated standard errors ase(;) = \/avar(6; n=1) are given

by the following theorem with Lemma 1 for abis{n avar(6;)}.
Theorem 1. The asymptotic biases of estimated normal theory standard errors of

maximum likelihood estimators 6;, (i=1,...,q) are
o 1 ~ o
abis{y/nase(8;)} = ——————— | —avar{y/nase(d;)} + abis{n avar(6;)}| ,
(ViR(0)} = o [ —avar (VR &SRB} + abis{n (8}
(i=1,...,q). (22)
Proof 1. -
b ~d n=! 02 \/n avar(0;)
a 1s{\/ﬁase( 1)} = Ttr W
_ ﬁtr 0 [{n avar(0;)} =12 & n avar(6;) Q
2 Jdo 2 oo’

n__lt {n avar(6;)} ~3/2 dn avar(;) & n avar(6;)
2 g 4 80‘ ao-/

d

n avar éz ~1/2 92 p avar éz
+

2 dodo’
i y—3/2 A H N -1/2 X
::-ifl?ff?éfﬁli-——-avar{Tlava}(oi)}4-ifl?ffﬁéfﬁll————akns{Tlava}(ei)},

(i=1,...,q). (23)
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which yields (22). Q. E. D.

Proof 2. Let u; and v; be the linear and quadratic terms of s — o in the Taylor expan-
sion of y/nase(6;), respectively. Then, omitting higher-order terms when necessary, we
have

navar(0;) = {vnase(;)}* = {Vnase(0;) +u; +v;}?
= navar(6;) + 2v/nase(0;)u; +u? + 2v/nase(0;)v;, (i=1,...,q). (24)

Taking the expectation of (24) with respect to the distribution of s in large samples,

navar(6;) + abis{n avar(6;)}
= navar(0;) + avar{\/nase(0;)} + 2v/n ase(0;) abis{v/n ase(6;)},

which gives (22). Q. E. D.
The above result is also given by taking the terms of order O(n™!) in both sides of the
following exact equation:

. 1 . .

B(§—9) = 5, [FB{(@ - 9)°} + E(@) ~ ¢, (26)
where g = g(8) is any function of @ with § = g(@) (the author is indebted to a reviewer
for this point).

In (22) avar{\/nase(d;)} was derived by Ogasawara (2002) for normal data. In our
case, however, avar{n avar(f;)} in (23) is slightly more convenient for evaluation of
abis{\/n ase(f;)} than avar{y/n ase(f;)} in (22). That is,

. 82(1‘1*)“ 82(H*)”

navar{n avar(6;)} = P Q 9 (i=1,...,9), (27)

where

o(H");  0(H"); 06

de’ 96 0o’
q
_4OHA__ o O(veeX)  __ _
= —Z(HAl 89:HA1>“(H )k.%(z 'e=HD,.  (28)
k=1 %1

In (28), O0H 4 /00y, is available from (13a) and (13b). Equation (27) holds for nonnormal
data as well as normal ones, which is a slight generalization of Ogasawara (2002). For
normal data, as was derived by Ogasawara (2002), (27) becomes simply

0 (H" )iy o 0 (HY);

06 gg (=1

navar{n avar(f;)} = 8

s Q). (29)

4. Asymptotic biases of the estimated standard errors for models of
standardized observed variables

In the behavioral sciences observed variables are frequently standardized. That is,
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sample correlation matrices are often used instead of sample covariance matrices. In
exploratory factor analysis, it is known that the estimator 6 which minimizes (8) with
identification restrictions , when S is replaced by the corresponding sample correlation
matrix R, is still a maximum likelihood estimator with the covariance structure model:

3(0) = DP(6,)D, D = diag(di,...,d,) and Diag{P(8,)} = I, (30)

where diag(-) is the diagonal matrix whose diagonal elements are given in parentheses,
Diag(-) is the diagonal matrix whose diagonal elements are those of the argument matrix,
and I(p) is the p x p identity matrix. The parameter vector @ = (d1, ..., dp, 0;)’ includes
the nuisance parameters di, ..., d, the standard deviations of the observed variables, and
the parameters 6,(¢ x 1) of interest in the correlation structure P(68,). The results in
the previous section hold for the models of (30) when we consider the nuisance parame-
ters and associated partial derivatives. That is, the matrix H4 should be expanded to a
(p+q+7+p)x(p+q+r+p) matrix, where the increase of the size by 2p comes from
the added p nuisance parameters and the additional p restrictions in (30) on P(6,,).

Let the expanded H 4 be partitioned with submatrices for the expected second deriva-
tives of F with respect to 8 followed by those of the restrictions h(@) = 0 and
{P@O,)}11 —1,....,{P(0,)}pp — 1] = 0 in this order. Then, fortunately, it is known
that the diagonal elements of Hzl associated with the asymptotic variances of ép, ie.,
(Hzl)ii, (¢ = p+1,...,p+q) donot depend on the values of di, . .., dp (see Yuan & Bentler,
2000 and Ogasawara, 2002) though ép is correlated with dy, .. ., cZ,,. Consequently, we can
simplify the result of Lemma 1 as follows.

Lemma 2. For the model of (30) for standardized variables, the asymptotic biases of
the estimated variances of the maximum likelihood estimators in a correlation structure
are given by

abis{avar(6,,)}
q q
_ _1OH4__ JO0H,
—_ 1 2H 1 H 1 H 1
3 (o G e,
k=1 Ll=1
82HA A A aHA A
—H_l—H_l) acov (0, k, 0,1) — <2H_1 H_l) abis(0,1) | ,
L 00000 ) i m L 005 ) i ’
(i=1,...,9), (31)

where 6,; = (0,);. and Hy is the (2p+q+7) X (2p+ ¢+ 1) augmented matrix of expected
second derivatives.

Proof. The proof will be given in Appendix.

When we use Lemma 2, the following additional partial derivatives of the submatrices in
H 4 for the nuisance parameters di, ... ,d, are required. The first group is for the subma-
trix for E(6?F/0dod’) (note that F corresponds to (8) not (A1)), whered = (dy, . ..,d,)":

OH4 92(p" pij + i) 2 0P i 0 pij
d;d; = =-2(P P ij +2p" ;
! <89pk)z’j 90,k 89/)’6 ijpj—’_ g 89pk



18 H. Ogasawara

(j=1,..pik=1,....q), (32)
where p = (P~1);;, P = P(60,)"! and §;; is the Kronecker delta;
0°H 4 0P oP oP oP
did; =2 —p! Pl4+pt Pl _—p!
(aepkaepl > ( 90, 06, 0 00, 00,
0°P oP 9 pi;
-p! P—1> i — 2 (P—l P‘1> =
90,100, e D, ). 00,
oP D pi; 0% pyj
P 1 P 1) 9 +92 1] J ;
( 90, 00 90,00,
(G,j=1,....p; k,l=1,...,q). (33)

The second group is for the submatrix E(0?F/96,0d’) and its transpose:

d, (@) —d, (@) _ 02(P"10P/06,:);;
J - % -
p+i,j J,p+i

90, 90, 90,
aP . OP 9°P
=2(-p1—p! Pl
( 00, 96, aepiaepk>
(i7k - 17 AR 7q7 j - 1’ o 7p)7 (34)

d,(ﬂ) _d.<ﬂ)
7\ 06,00, iy 7\ 00,100, it

.y (Pl OP L 1 0P L 0P o 0P L 0P, 0P

90, 90, 0, 90, 06, 90,
e P 0P 0P 0P

90,100, 00, 90,1 06,00,

P 9°P PP
_p197 p-i p1__ 9%

90,0 90,00 aepiaepkaep)
(iL,kjl=1,....,q;7=1,...,p). (35)

Note that d; and d; in (32)—(35) can be set to one without loss of generality after taking
the partial derivatives.
The third group is for the restrictions Diag{P(8,)} = I,

(@HA> _ (6HA> _ 0{0(pii —1)/00,} _ 0*pi
OO0k / pvgerrip+i OO0k /) ptjpratrri 90, 90,0 0,1,

(izlu"wp; j,k=1,...,q), (36)

( azHA ) _( azHA ) o aspu
00,000 ) s ririinsy N0 ) s T 00,0000,

i=1,....,p; 4, k,1=1,...,9). (37)
Note that (gg:) L, (G,g=1,...,q+r;k=1,...,q) are obtained from (13a)-
p+ip+j

(13d) by replacing 3(0) with P(6,) because
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0% 0% oP oP
Ha)pripr; =tr (21 ——%! =tr (P71 ——P!
( A)p+ L ' ( a‘gpi 8991’) v < aapi a‘gpj) 7

when ¥ = DP(6,)D.

5. The raw orthomax solution

As an example in exploratory factor analysis, the case of the raw orthomax solution
with m common factors for unstandardized /standardized observed variables is presented.
The covariance structure model for unstandardized variables is written by

S =AA+ T, (39)

where A is a p x m loading matrix and ¥ is a covariance matrix of uncorrelated unique
factors. For the correlation structure model, ¥ in (39) should be replaced by P. The
partial derivatives 9%/, 9°2/96096" in (13a), (13c), and IP/06,, 9°P /06,00, in
(32)—(36) and (38) are easily obtained (note that the third derivatives in (35) and (37)
vanish).

The partial derivatives in (13b) and (13d) of the identification restrictions for the raw
orthomax solution are given as follows. The restrictions were given by Archer and Jennrich
(1973) as

ON  ON

(A’af 8fA) —0, (1<s<t<m) (40)

m p P 2
with f = 1> <p > )\4”- —w <Z )\%j) }, Aij = (A)i;, and w being the orthomax
j=1 | i=1 i=1

weight. The first derivatives of (40) with respect to Ay, (1 = 1,...,p; j = 1,...,m)
were also given by Archer and Jennrich (1973). For the second derivatives, see Ogasawara
(2002). The third derivatives required in (13d) (note that h;, (i = 1,...,(m? —m)/2) in
(8) correspond to (40)) are given as follows:

W(Nﬁi 8fA>/M&m&m&f
st

OA ON
= (6550140t + OepOsad +556)——ﬁj——
= Osb0dOuf 7 0ub0sdOtf T Otb0tdOs f) AN oy S e
o f
Suudradir | A
+ tbtd tf ( 8A 8)\at8)\cta)\€t)st
— (0up0sa0s s + Osp0:ad +565)——Ei—_
tb0sdOs f sb0tdOs f sbOsdOtf OAasOAcsOAes
o f
— Osp05a0ss | A ’
b0sd0s f ( EYN 8)\(158/\088/\65)159
(1§S<tSm, a7cae:17"'7p; b’d’f:17""m)7 (41)

where
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0% f _£9<8{pA§-—uK ﬁllAﬁ)Aﬁ})l/aAt

a>\at8>\ct8>\et B a>\ct
= 0{30acPA2, — WA hat + 0ae 3 A}/ OAe
= 65ac(5aep)\at - 2w(5ce>\at + 5ae>\ct + 5ac)\et) (42)
and
'f = 66000e0agp — 20(8eebga + Saedye + Sacdye)
a)\ata)\cta)\eta)\gt - ac9aelagP ceYga aelgc acYge />
(1<s<t<m; a,ceg=1,...,p). (43)

In practice, the normal orthomax solution (i.e., the orthomax solution with row or
Kaiser’s normalization) is often used. However, the partial derivatives corresponding to
the above results become involved and are not pursued here (for the first derivatives, see
Ogasawara, 2000 and Yuan & Bentler, 2000).

6. Numerical examples with simulations

Three numerical examples in exploratory factor analysis under normality are presented
in the first half of this section, and an example in confirmatory factor analysis in the
second section. The first example is an artificial one. The second and third examples are
based on real data. The first example employs a one-factor model with equal population
loadings and unique variances for six observed variables as

=2+ (44)

with A = (.6, .6, .6, .6, .6, .6)" and ¥ = diag(.64, .64, .64, .64, .64,.64). When the model
for standardized variables is used, 3 in (44) is replaced by P with D = I(4 in the popu-
lation.

The results are shown in Table 1, where the standard errors (SEs), the standard errors
of estimated standard errors (SEs of SE), and the biases of estimated standard errors (SE
biases) are given. These values have each theoretical and simulated ones. The theoreti-
cal values are asymptotic ones using the population parameters with the assumption of
N = 300 while the simulated values have been given in the following way. First, inde-
pendent observations of N = 300 following the multivariate normal distribution with (44)
were randomly generated. From these observations, sample covariance/correlation matri-
ces were calculated followed by estimation of the parameters in the model by maximum
likelihood. The Heywood case, if any, was removed. The model has a minor indetermi-
nacy of the sign of the single common factor, which was removed by reversing the sign
when the sum of the loading estimates was negative. This procedure was replicated until
regular 1,000,000 sets of estimates were obtained. No Heywood case had occurred until
the required number of replications was obtained. The simulated SEs were given from
the square roots of the usual unbiased sample variances of the 1,000,000 estimates for
each parameter. The simulated SEs of SE are the simulated SEs of estimated asymptotic
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Table 1: SE biases of the one-factor model under normality (N = 300; Number of replications
= 1,000, 000)

Population A A B B’ C c’
parameter SE x10° SE of SE x10° SE bias x10°
value Th. Sim. Th. Sim. Th. Sim.

Unstandardized variables

v 1.64 6303 6318 496 496 —327 —328
2 .64 6303 6323 496 496 -327 -—318
(A —-A")/A 3 .64 6303 6314 496 495 —-327 324
= —.0026 4 .64 6303 6325 496 496 —327 -333
C/A = —.0052 5 .64 6303 6317 496 496 —-327 =317
C/B = —.066 6 .64 6303 6320 496 496 =327 -—-319
A 1.6 5999 6024 238 238 —206 —209
2.6 5999 6027 238 238 —206 —204
(A —-A")/A 3.6 5999 6024 238 238 —-206 —207
= —.0041 4.6 5999 6019 238 238 —206 —211
C/A = —.0034 5.6 5999 6025 238 238 —206 —203
C/B = —.087 6 .6 5999 6020 238 238 —206 —204
Standardized variables
v 1 .64 5662 5674 157 172 —599 —604
2 .64 5662 5676 157 172 —599 —604
(A —-A")/A 3 .64 5662 5672 157 172 —-599 —605
= —.0021 4 .64 5662 5677 157 172 —599 —604
C/A =-.011 5 .64 5662 5672 157 172 —599 —601
C/B=-.38 6 .64 5662 5669 157 172 —599 —601
A 1.6 4718 4761 352 350 —196 —194
2.6 4718 4764 352 350 —196 —194
(A —-A")/A 3.6 4718 4761 352 350 —-196 —190
= —.0089 4.6 4718 4763 352 351 —-196 —195
C/A = —.0042 5.6 4718 4760 352 350 —196 —198
C/B = —.056 6 .6 4718 4757 352 350 —196 —197

Note. SE = standard error, Th. = theoretical (asymptotic) values,
Sim. = simulated values.

standard errors using parameter estimates. The simulated SE biases are the means of the
SE estimates minus their corresponding true values.

In Table 1, the simulated values are fairly unchanged over the six variables with the
same population values, which satisfies a condition when the values are used as true values
for this model. The theoretical SE biases are all negative and close to their corresponding
simulated values showing the accuracy of the formulas in this article. The theoretical
SEs (column A) are slightly but consistently smaller than the simulated or true SEs (col-
umn A’). The amount of the relative difference is given as the index (A — A’)/A’ in
the table where A’ denotes an average of A’ over the six observed variables. The index
shows inaccuracy when neglecting higher-order terms. The corresponding index for SE
biases is C/A (theoretical SE bias/theoretical SE). We find that the absolute value of
C/A (—.011) in ¥ for standardized variables is much larger than the corresponding value
of (A — A’)/A’ (—.0021), which shows that SE biases should not be neglected when we



22 H. Ogasawara

Table 2: SE biases of the raw varimax solutions of Emmett’s (1949) data under normality
(N = 211; Number of replications = 1,000,000)

Unstandardized variables Standardized variables
SE SE of SE SE bias SE  SE of SE SE bias
Parameter x10%  x10* x10° x10®  x10* x10°
value Th. Th. Th. Sim. Th. Th. Th. Sim.
1 .46 52 50 —59 =59 53 31 —58 —59
2 .46 51 49 —56 =57 53 30 —53 —55
3 .67 70 67 -73 —-75 59 15 —69 —69
4 .19 38 39 -30 —29 41 46 —10 —10
v 5 .41 48 45 —-37 =37 51 36 —36 —37
6 .22 42 43 —-36 —36 45 49 —19 —18
7 .40 50 46 —63 —64 53 37 —61 —63
8 .74 76 74 -76 =77 57 27 —56 —57
9 .22 41 38 —65 —64 44 46 —47 —47
1.32 59 29 -30 =30 53 23 —-30 —32
2 .38 61 30 —-31 -—-32 53 23 —36 —37
3.20 64 29 —45 —46 62 26 —49 —51
4 .85 59 26 —10 -—10 29 33 5 5
I 5 .74 62 27 -9 -9 36 37 1 2
6 .85 60 25 —12 12 29 33 -1 —1
7 .27 56 28 —24 =24 51 24 —19 —20
8 .18 67 31 —49 —=50 65 25 —58 —59
9 .32 52 31 —12 —12 44 22 -3 —4
1 .66 64 30 —23 24 44 40 —17 —18
2 .63 64 32 —-23 —-24 45 38 —19 —22
3 .54 68 32 -35 =37 54 42 —36 —38
4 .29 45 29 37 37 37 23 22 22
1I 5.21 50 27 10 12 46 29 3 4
6 .23 43 28 37 38 38 24 19 20
7.73 63 29 —22 =23 39 40 —15 —16
8 .47 70 33 —40 —41 59 40 —44 —46
9 .82 60 28 —-17 -18 32 37 —4 -5
Note. SE = standard error, Th. = theoretical (asymptotic) values, Sim. =

simulated values, I = loadings of Factor I, Il = loadings of Factor II.

consider asymptotic standard errors with higher-order terms. The table includes the index
C/B (theoretical SE bias/theoretical SE of SE), which shows the relative size of the SE
bias compared to the stability of the SE estimate. While the absolute values of (A—A’)/A’
and C/A are mostly less than 1% in the table, the largest absolute value of C/B is as
large as 38% in this example.

Tables 2 and 3 show the results of the raw varimax solutions based on real data with
simulations by the method similar to that in Table 1. Table 2 is given from the correla-
tion matrix of Emmett’s (1949, p. 90) nine variables (N = 211; the correlation coefficients
rounded to three decimal places by Lawley & Maxwell, 1971, p. 43 were used) while Table
3 is for Harman’s (1976, p. 22) eight physical variables (N = 305). In both data sets, two
common factors are assumed. The population covariance matrices were given by the fitted
correlation matrices. The sample sizes in the simulation were set equal to the real ones in
each data set. The numbers of Heywood cases until regular 1,000,000 replications in the



BIAS REDUCTION OF ESTIMATED STANDARD ERRORS 23

Table 3: SE biases of the raw varimax solutions of Harman’s (1976) eight physical variables under
normality (N = 305; Number of replications = 1,000,000)

Unstandardized variables Standardized variables
SE  SE of SE SE bias SE  SE of SE SE bias
Parameter x10°  x10* x10° x10®  x10* x10°
value Th. Th. Th. Sim. Th. Th. Th. Sim.
1.17 18 14 —-14 -14 21 20 -8 -8
2 .11 15 11 —-14 -13 17 18 —6 —6
3.17 18 14 —-15 —15 21 20 -8 -8
v 4 .20 20 16 —-16 —16 23 22 -9 -9
5 .09 29 23 —24 =24 30 30 -5 -5
6 .36 36 27 -27 =27 39 25 —25 —25
7 .42 40 30 -30 -30 42 23 —29 —29
8 .54 46 37 -33 -32 45 14 —-32 —32
1.87 44 16 —6 -5 14 13 1 1
2 .93 43 16 -5 -5 10 10 1 1
3 .90 44 16 —6 —6 12 12 1 1
I 4 .86 45 16 —6 —6 15 14 1 1
5 .25 36 15 -7 =7 32 11 —4 —4
6 .21 42 14 -1 -11 39 14 -8 -8
7 .15 43 14 -12 —12 41 15 -9 —-10
8 .29 48 17 -14 -14 44 17 —13 —14
1.27 35 13 —2 -2 30 11 -3 -3
2 .16 31 12 1 1 29 9 -3 -3
3 .16 33 12 -1 -1 31 11 —4 —4
11 4 .23 35 13 -3 -3 32 12 —4 —4
5.92 45 16 -7 =7 19 18 2 3
6 .77 49 17 -10 -10 26 22 -3 —4
7.75 50 17 -1 -11 28 24 —4 -5
8 .61 52 19 -13 -13 36 25 —10 —-10
Note. SE = standard error, Th. = theoretical (asymptotic) values, Sim. =

simulated values, I = loadings of Factor I, II = loadings of Factor II.

simulation were obtained are 28 and 2,146 in Tables 2 and 3, respectively (the same set of
generated sample covariance matrices was used both for unstandardized and standardized
variables while for standardized variables the covariance matrices were transformed to
sample correlation matrices). The theoretical biases in Tables 2 and 3 are close to their
corresponding simulated values. The SE biases in ¥ are all negative, as was shown in
Table 1. The SE biases in standardized variables are, as a whole, somewhat smaller than
those in unstandardized variables in these data. The absolute values of the SE biases for
W in Table 2 (approximately 1% of their corresponding SEs on average) are greater than
the corresponding values in Table 3. This can be partially explained by the difference of
sample size.

Table 4 shows the results of an artificial example in confirmatory factor analy-
sis with two common factors for six unstandardized observed variables using nor-
mally/nonnormally distributed data with N = 300. The population covariance matrix
was constructed as follows:

Y = ABA + T,
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Table 4: Results of the confirmatory factor analysis model for unstandardized variables (N = 300;
Number of replications = 1,000,000)

Simulated SE bias

Thoretical Theoretical Theoretical Nonnormal (df)

SE SE of SE SE bias Normal (10) (3) (1)
P 11 .09 —.0032 -.0031 —-.0026 —.0032 —.0038
P2 1.9 17 .0057 .0076 .0065 .0038  —.0032
Y3 3.6 47 .0388 .0440 .0425 .0340 .0102
P 14 11 —.0036 —.0036 —.0031 —.0040 —.0051
vs 2.3 .20 .0028 .0040 .0027 —-.0016 —.0128
Pve 3.1 .29 .0101 .0125 .0103 .0023  —.0168
$11 .15 .014 .00067 .00079 .00083 .00073 .00049
¢21 .08 .007 —.00035 —.00035 —.00038 —.00048 —.00075
P22 .14 .012 .00008 .00014 .00008 —.00006 —.00044
A .27 .026 .0010 .0012 .0017 .0029 .0063
A1 44 .060 .0049 .0057 .0065 .0092 .0164
Az .32 .031 .0017 .0017 .0022 .0029 .0051
As2 AT .059 .0046 .0049 .0054 .0063 .0092

Note. SE = standard error.

2 4 6°0"0*0"
0*0*0*3 5 6*

!
1.4
] , &= l 1 ] , U = diag(12,13,14,15,16,17), (45)

where the population values with asterisks were used as fixed parameters in estimation
while the remaining values were estimated as free parameters. Note that the unit popula-
tion variances of the two common factors are free parameters in estimation, which satisfies
the condition of a model with asymptotic robustness against the violation of multivariate
normality for observed variables. Observations were randomly generated with or without
normality for factors. Nonnormal cases were generated by using independently chi-square
distributed variables with affine transformation to have zero means and unit variances
for the first common factor and the six unique factors with df = 10, 3 and 1 while the
second common factor was generated as a weighted sum of two independently chi-square
distributed variables and a constant to have the required covariance of the two common
factors and the unit variance of the second factor. The degrees of freedom 10, 3 and 1
represent moderate, substantial and strong nonnormality, respectively. The numbers of
Heywood cases until regular 1,000,000 replications were obtained are 1,000, 1,042, 1,233
and 1,782 for normal and nonnormal data with df = 10, 3 and 1, respectively.

Table 4 shows that when data are normally distributed or nonnormality is modest, the
theoretical SE biases are fairly close to their corresponding simulated values. However,
when nonnormality is strong, the theoretical SE biases become different from their corre-
sponding simulated ones. (It is to be noted that the theoretical SE biases for nonnormal
data can be derived, if necessary, by our formulas when the fourth-order central moments
of sample covariances are available.) This shows that the SE biases do not have asymp-
totic robustness which is enjoyed by the asymptotic SEs of the loading estimates in this
example (this robustness was empirically confirmed though not shown in the table). It is



BIAS REDUCTION OF ESTIMATED STANDARD ERRORS 25

of interest to find that the absolute values of the simulated SE biases in nonnormal cases
are not necessarily larger than the corresponding theoretical or simulated SE biases with
normality assumption. It is also of interest to see that some of the theoretical SE biases
in ¥ are positive, which is different from those in Tables 1-3.

7. Conclusive remarks

From the results of the numerical examples with moderate sample sizes, we see that the
asymptotic biases of estimated standard errors are fairly small such as 1% of the corre-
sponding asymptotic standard error. However, note that the sample sizes were employed
to have stable simulated values as true values and that the relative size is of order O(n™1).
That is, when the sample size is reduced to a quarter of the original size, the relative size
of the asymptotic bias of the estimated standard error becomes 4%, which may not be
neglected.

In factor analysis, it is difficult to have stable simulated results with small sample sizes
e.g., N = 50 and 100 due to anomalous cases such as non-convergence. In exploratory
factor analysis, we have an additional problem of indeterminacy of the orders and signs of
the columns of a rotated loading matrix. For the numerical examples with raw varimax
rotation, the indeterminacy was removed by searching the pattern most similar to the
population one. This was successful because the number of common factors was only two
both for the two real data examples. When the number of common factors is relatively
large, the pattern may depend on the searching methods and/or the definition of similar-
ity. In such cases, the asymptotic standard errors (preferably the higher-order asymptotic
standard errors) with bias correction may be only indices available.

8. Discussion

For derivation of the asymptotic biases of estimated standard errors, true models were
assumed. In practice, this assumption is not necessarily a realistic one. However, we can
relax the assumption by considering the following slight model misspecification (see e.g.,
Bentler & Dijkstra, 1985; Satorra, 1989, Ogasawara, 2002) without changing the essential
results:

¥z, —X(0) =0(n?) (46)

where ¥; is a true population covariance matrix while 8 has the value obtained by mini-
mizing (8) with possible restrictions and S being replaced by ;.

In this article, the normal theory standard error estimators have been focused on while
their asymptotic biases were derived with and without the normality assumption for ob-
served variables. More general standard errors are those for nonnormal data which are
given as

{ase(0;)}> =n~? (86 00

80/98—0)7 (’L:l,,q)7 (47)

where (2)ab,cd = Tabed — Tab0ed- The asymptotic biases as well as asymptotic standard
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errors of the estimators of the nonnormal theory standard errors using (47) can, in princi-
ple, be obtained when the joint asymptotic distributions of G4pc4’s and G44’s are available.
In this case, s and o in (5) should be replaced by those including fourth-order moments,
which gives somewhat involved results.

Appendix. Proof of Lemma 2
Suppose that ép is given by minimizing
F, = n[P(9,)| + t+{P(6,) 'R} (A1)

with possible restrictions h (6,) = 0 as required in exploratory factor analysis. Then, we
have the expansion of n avar(d,;) with respect to r — p where r = vh(R), p = p(8,) =
vb{P(0,)} and vb( -) is a vector consisting of the elements below the main diagonal of a
square matrix:

y : 0.
navar(f,;) = navar(6,;) + Inavar(fyi)

aop
82P21
J— li —
5 (s=0) oo 80”(5 o)
5er5= )T 3 :
0%pp(p_
Y Pplp-1)
(s=0) do 0o’ (s=0)
1 92n avar(f i _
(i=1,...,9), (A2)

where the terms in braces on the right-hand side of (A2) is obtained by the expansion of
r — p with respect to s — o. By taking expectations of both sides of (A2), we have

, 02pa

(s—o) W(S—U)

1 dnavar(f,;)

abis{n avar(f,;)} = 3 D p E
D2 pp(p—1
6=9) Gagar )
B 5HA OH 4 , OPHa
+— 2(2H;" A, HL -H
;}; < A 8P A apcd A A apabapcd A pipti
X (H)ab,cd + O(n_2)7

where pay, = {P(6,)}ab, (@ > b) and (IL)ap,ca = nacov(rap, Tea), (@ > by ¢ > d). In (A3),
(1/2) E[-] is the asymptotic bias of the sample correlation vector (for actual expression,
see Ogasawara, 2004). Rewrite the term of order O(n~!) in (1/2) E[-] as abis(r). Then,
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a
noting dnavar(d,;)/dp = -2 3 (HflaHA Hzl) %Gp,k, (A3) becomes
k=1 ok ptip+i ©F
LR
a [
_ 1O0Hs___0H4___ . O*Hy
! 2H ! H,' H' —-H' —2-H}'
+n Z[Z< Aaek Aael Aaekael
k=1 Li=1 pRZEP
p+i,p+i

R H 1 20
xn acov(B,n, O,1) — (H;lla AH, 1) t (8 pk H)
00k p+i,p+z 9p0p'
q q

L OHA . O0Hs o, 0PHa

= 2H ! H,' H' -H,' ——- H,'
Z[Z< A 00, N 00, A 400,00, 4 o
p+i,p+i

PN 0H n1 020 00
_ -1 Agr—1 pk pk 1.
xacov(fpr, 0,1) — 2 (HA 20, H, )pﬂ_’pﬂ_ {—2 tr <8p8p H) + a0 abls(r)}] .

(A4)

n (A4), the factor in braces on the right-hand side of the last equation is abis(épi) (see
Ogasawara, 2004, Theorem 3), which gives (31). Q.E.D.
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