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ABSTRACT

In the context of structural equation modeling, the model-implied instrumental variable (MIIV)
approach has been shown to be more robust against model misspecification than the systemwide
approaches (e.g., maximum likelihood and least squares). Besides the goodness-of-fit tests that test the
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fit of the entire hypothesized covariance structure, the overidentification tests for MIIV can be used to
test model specification on an equation-by-equation basis. However, it is known in the econometrics
literature that the overidentification tests are inconsistent against general misspecification, if it is used
to test a zero correlation between the instrumental variables and the error terms. In this paper, we
show that such inconsistency can also occur for the MIIV approach. Numerical examples where the
powers of the tests converge to the size are presented. Theoretical results are proved to support the
numerical findings. Implications on when the overidentification tests are consistent are also presented.

1. Introduction

Normal-theory maximum likelihood and least squares are
commonly used to fit a structural equation modeling (SEM)
model. Both approaches are systemwide approaches in the
sense that all parameters are estimated simultaneously, pro-
vided that the sample covariance matrix is estimated in an
earlier stage. However, various studies (e.g., Bollen, 1996; Jin
et al., 2016; Nestler, 2013; Yang-Wallentin et al., 2010) have
shown that the systemwide estimators can be largely biased
in a misspecified model. Throughout the paper, we refer to
model misspecification as nonzero parameters are mis-
takenly fixed to zero, such as omitted factor loading, latent
regression path or error covariances.

An alternative to the systemwide approaches is the
model-implied instrumental variable (MIIV) approach.
Some examples of the MIIV approach are the two-stage
least squares (2SLS, Bollen, 1996) for continuous indicators
and the polychoric instrumental variable (PIV, Bollen &
Maydeu-Olivares, 2007) approach for ordinal indicators.
They are implemented in the R package MIIVsem (Fisher
et al, 2017). The idea of the MIIV approach has been
applied by Fisher et al. (2019) to dynamic time series mod-
els, by Nestler (2014) to handle equality constraints, by
Nestler (2015a) to nonlinear SEM models, and by Nestler
(2015b) to growth curve models. Recently, Fisher and
Bollen (2020) and Jin et al. (2021) extended the MIIV
approach to the mixture of continuous and categor-
ical indicators.

An advantage of the MIIV approach is its robustness
against certain model misspecification. From the simulation

perspective, various studies (e.g., Bollen et al, 2007; Jin
et al., 2016; Nestler, 2013) showed that the MIIV estimator
is as accurate as the systemwide estimators in the correctly
specified models and is more accurate in the misspecified
models with omitted parameters. From the theoretical per-
spective, Bollen et al. (2018) and Bollen (2020) presented
the conditions under which the MIIV estimator remains
asymptotically unbiased in the misspecified models.

Another advantage of the MIIV approach is that the overi-
dentification tests can be applied to investigate model specifi-
cation in an equation-by-equation manner, without the need
of fitting the whole model. Kirby and Bollen (2009) investi-
gated the Sargan (1958) test when all indicators are continu-
ous. Jin and Cao (2018) proposed alternative overidentification
tests for ordinal variables. Jin et al. (2021) further generalized
the tests to a mixture of different types of indicators. All these
studies suggested to use as many MIIVs as possible when per-
forming the overidentification tests. In particular, the simula-
tion study in Jin and Cao (2018) showed that the
overidentification test can have a very low power when the
degrees of freedom of the overidentification test is one.

The current study is concerned with a pitfall of the overi-
dentification tests. In many econometric textbooks, the null
hypothesis of the overidentification tests is often formulated
as a nonzero correlation between the instrumental variables
(IVs) and the error term (e.g., Cameron & Trivedi, 2005;
Wooldridge, 2002, 2013). Even Sargan (1958, p. 404) formu-
lated the null hypothesis as “there is a relationship between
the suggested variables with a residual independent of all
the instrumental variables.” However, Newey (1985) showed
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that all chi-square overidentification tests are inconsistent
against general misspecification. In other words, there exist
examples where the IVs are correlated with the error term
but the power of the chi-square overidentification test con-
verges to the size of the test, instead of one. Stock (2015)
stated that the maintained hypothesis behind the overidenti-
fication tests is that there exist enough exogenous IVs.
When the test statistic is invariant to which IVs to be
included in the maintained hypothesis, the test is often used
as an omnibus test for failure in exogeneity. Parente and
Santos Silva (2012) further suggested that it is more appro-
priate to interpret the overidentification tests as tests for
whether the IVs can identify the same parameter.

The main contribution of our study is to investigate
implications of inconsistent overidentification tests in the
context of SEM. The result that the overidentification tests
are inconsistent tests against endogeneity of IVs is not
entirely new in the econometrics literature. Various studies
(e.g., De Blander, 2008; Guggenberger, 2012; Parente &
Santos Silva, 2012) have investigated the hypotheses under
which the overidentification tests remain consistent.
However, the IVs in econometric studies are mostly exter-
nal, whereas the IVs in the MIIV approach are internal
since they are searched from the indicators of the hypothe-
sized SEM model. By utilizing the model structure, we can
draw more insightful conclusions. To be more specific, the
main purpose is two-fold. First, our study serves as a cau-
tionary note that the overidentification tests developed for
the MIIV approach can also be inconsistent against endoge-
neity of IVs. Second, we will derive conditions under which
the overidentification tests remain consistent against endo-
geneity. These conditions will help researchers to under-
stand the risks of using overidentification tests to test the
validity of IVs when the MIIV approach is used. In the con-
text of confirmatory factor analysis (CFA), Table 4 in Jin
and Cao (2018) has shown that the power can converge to
the size. However, they did not investigate the implica-
tions behind.

The rest of the paper is organized as follows. We first
briefly present the SEM model and the MIIV idea. Second,
we conduct a Monte Carlo simulation to illustrate inconsist-
ency of the overidentification tests. Then we provide theor-
etical results supporting our findings in the simulation study
and present the implications. A discussion and conclusion
section ends the paper.

2. The MIIV Approach
Consider the SEM model

Y =An+s (1)
n=Bn+¢ (2)

where y* is the vector of continuous variables, A is the
matrix of factor loadings, # is the vector of latent variables,
B is the matrix of latent regression coefficients, ¢ is the dis-
turbance of the measurement model with var(g) = ®, and ¢
is disturbance of the latent regression model with var({) =
Y. Both ¢ and ¢ are homoscedastic in the model. We follow

Jin et al. (2021) and assume that E(y*) =0. Instead of
observing y*, the observed vector is denoted by y. If the jth
element of y, denoted by y;, is continuous, then y; =y,
where y; is the jth element in y. If y; is ordinal, then y; is
the underlying continuous variable and y; is obtained by dis-
cretizing y; based on some threshold values.

Throughout the paper, we always assume that 5 is inde-
pendent of & and that { is independent of &. Depending on
y, different distributional assumptions are needed. If y only
consists of observed continuous variables, we assume that y*
has finite moments up to the fourth order. If some elements
of y are ordinal, we assume that the corresponding underly-
ing continuous variables are normal. These assumptions are
similar to those in Jin et al. (2021).

In the MIIV approach, the scale of # is set by the scaling
indicators, namely, choosing one indicator per latent vari-
able and setting the factor loading to one. Suppose that y* is
partitioned into y; and y; such that yj =5+ & is used for
identification and y; = A;n+ &, contains unknown factor
loadings. If we substitute y;—g; for n in the SEM model, we
obtain a regression system with observed variables

y* _ Az * 82—A281
G- (i (et ) o

which is referred to as the Latent-to-Observed (L20) vari-
able transformation by Bollen (2019). Equation (3) indicates
that we can partition the parameter vector 6 into two vec-
tors: regression coefficient 6, (free parameters in A, and B)
and dispersion parameter 6, (free parameters in ¥ and ).
That is, 87 = (07, 07).

In most cases, y] is correlated with the composite error
term. Hence, IV regression is used to estimate the parame-
ters in 0; in a row-by-row manner (Bollen, 1996; Bollen &
Maydeu-Olivares, 2007). Suppose that the jth row of the sys-
tem (Equation (3)) is

v =200 + ¢, (4)

where 05’) is the vector of unknown parameters and z;
is subset of y; that is associated with 0?). For notational
simplicity, we will suppress j when no confusion should
arise.

The following assumptions are imposed in order to use
IV regression. First, a non-empty subset of z* is correlated
with e. Second, there exists a set of IVs, denoted by v*,
which is correlated with z* and uncorrelated with e. Third,
the number of elements in v*, denoted by L, is no lower
than the number of elements in z*, denoted by K. In the
MIIV approach, the IVs are selected from y*. The reader is
directed to Bollen (2019) for a detailed introduction of the
L20 transformation and the algorithm of searching MIIVs.

Let X be the population covariance matrix of y* and $ be
its sample counterpart. We always assume that s is a con-
sistent estimator of ¢ such that

Vils — 6)-SN(0,7), (5)

where n is the sample size, s is the vector of free elements
in S, ¢ is the vector of free elements in X, and T is the
asymptotic covariance matrix. Let



y(6) = (ELE)L,,) "2l x Iy,

vzZTTvy vZzTTwy
where  X,, =cov(v*,z*), X, =var(v'), and X, =
cov(v*,y*). Then, the MIIV estimator of 0 is 0 = y(s).

Because of the consistency of s, y(s) is a consistent estimator
of y(a). It is also a consistent estimator of the true 0, if
Equation (4) is correctly specified, the MIIVs are valid, and
both EIZE;JEVZ and SVTZS;}SVZ are invertible. However, if
some MIIVs are invalid, then y(o) is not necessarily equal
to 0.

When all observed variables are continuous, Kirby and
Bollen (2009) proposed to use the Sargan (1958) chi-square

statistic

n ~ B ~
FSargan = ? (Svy - SVZB)TS 1(Svy - szo),

to test the specification of the jth equation, where §* =
Syy—2(9 Sy +0 Szzé‘ When all observed variables are
ordinal, Jin and Cao (2018) showed that the asymptotic dis-
tribution of Fg,ga, is @ weighted sum of chi-square distribu-
tions with one degree of freedom and proposed to apply the
Satorra and Bentler (1994) adjustments to Fggeq,. They also
proposed an asymptotic chi-square distributed statistic.
Recently, Jin et al. (2021) proposed the overidentification
tests where the observed variables can be a mixture of dif-
ferent types. When Equation (4) is correctly specified and
all MIIVs are valid, they showed that

2

F=n(S, —5.0)'Q "*(00") @ "*(s,, — 5,.0)

is asymptotically chi-square distributed with L—K>0

degrees of freedom, where
Q =C(6)YC" (o),
Q _ I—Q_l/ZZVZ(ZT E—IEVZ)—lzT 2—191/2)

vZzTTvy vZTTvY

and (QQT)” is the Moore-Penrose inverses of QQ7, with
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and o; being the ith element in 6. Under the same condi-
tions, Jin et al. (2021) showed that the asymptotic distribu-
tion of Fggga, is a weighted sum of chi-square distributions
with one degree of freedom. The weights are the eigenvalues
of

M= 2Qx -2y (2l 21y, ) 'ELE 1 0l2.

vZzTTvy vZTTvY
Hence, they also proposed the mean-scaled statistic and
the mean-variance adjusted statistic as
LK
tr{IT}

tr{I1
{7A2} F Sargan>

FSargan and Fyy =
tr{IT }

m

respectively. As proved by Jin et al. (2021), if all indicators
are ordinal, these tests are asymptotically equivalent to the
tests in Jin and Cao (2018).

3. Numerical Examples

Before we present the theoretical results, we will present two
examples where different misspecifications remain
undetected even if the MIIVs are correlated with the com-
posite error term. The MIIVs are always searched from the
hypothesized model, instead of the true data generating pro-
cess (DGP). The first example considers a four-factor SEM
model (see Figure 1), and the second example considers a
three-factor CFA model (see Figure 4). The population val-
ues are regarded as realistic values by Li (2016). In both
examples, we consider a mixture of continuous indicators
and five-category Likert-scale indicators. The probabilities of
belonging to each category are 0.04, 0.05, 0.21, 0.46, and
0.24, which is the slightly asymmetric setting in Li (2016).
The variance of the continuous indicators and the underly-
ing continuous variables are set to 1. Five sample sizes are
considered, i.e., n=300, 600, 1,500, 2,500, and 3,600. The
number of replications is 10, 000 for each sample size and
model misspecification. The significance level is set to 0.05.
If the overidentification tests are consistent against the
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Figure 1. Path diagram of a structural equation model with standardized parameter values. One dashed line is omitted in each misspecified model, yielding four
misspecified models. The starred indicators are ordinal, whereas the others are continuous. The scaling indicators are always y1, ys, yo, and yis.
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misspecified models, we expect the empirical proportion of
rejection to converge toward 1.

Example 1: SEM

Data are generated from Figure 1 with all paths. Four
misspecified models are considered: each model drops one
dashed line in Figure 1. Consequently, we can investigate
the models with omitted cross loading, latent regression
path, measurement model error correlation, or latent regres-
sion error correlation. As such, this example aims to show
that inconsistency of tests can occur for any misspecifica-
tion. The simulation results in Jin and Cao (2018) showed
that the overidentification test with one degree of freedom
is inconsistent against omitted factor loadings. Our example

here also aims to show that such inconsistency can also
occur for other degrees of freedom.

If Ag; is omitted when estimating Ag, (Figure 2a), the
equation to be estimated can be expressed as

Vs = As2ys + es—Agaés + g1y

In the hypothesized model where Ag; =0, all indicators
expect y: and y§ are not correlated with the hypothesized
composite error &g—Ag&5. Hence, they will be selected as
MIIVs, when we search MIIVs from the hypothesized
model. However, due to the correlations among # in the
true model, all indicators will be correlated with the actual
composite error &—Agyés + Ag17,. Hence, all indicators are
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(c) y5 = Aa1m + 2 and cor(eg,e3) # 0 in the true model but cor(ez,e3) = 0 in the hypothesized
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(d) ng = bim1 + bans + ¢4 and cor((3,(4) # 0 in the true model but cor(¢s,{4) = 0 in the

hypothesized model

Figure 2. Empirical rejection rate of the inconsistent overidentification tests. The MIIVs used for the overidentification tests are stated in the figure title.



invalid MIIVs. Likewise, if b, is omitted when estimating b,
(Figure 2b), n5 is included in the composite error, hence all
MIIVs obtained from the hypothesized model with b, =0
are invalid MIIVs. If cor(é,, &3) is omitted when estimating
J21 (Figure 2¢), y5 to yj, are selected as MIIVs. However, y;
is an invalid MIIV, due to a nonzero cor(e,é;). If
cor({3,(,) is omitted when estimating b, and b, (Figure 2d),
¥5 to yi and yj, to y;, are selected as MIIVs. However, yj,
to yj, are invalid, since they rely on 5, that is correlated
with {4 through (5.

It is seen from Figure 2 that the rejection rates approach
0.05 for various combinations of MIIVs in the misspecified
model. Such a low power can be caused by a zero correl-
ation between the MIIVs and the composite error

&J U 1 U 1 U U
1000 2000 3000 1000 2000 3000

(Ye Y7 Yo)

1000 2000 3000
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(Figure 2c and the last two plots in Figure 2d). In such a
case, some MIIVs remain valid, even though the SEM
model is misspecified. As expected, using only valid MIIVs
will not detect misspecification. However, including invalid
MIIVs does not guaranteed that the omitted parameters
can be detected (Figure 2a,b and the first three plots in
Figure 2d). It is seen from Figure 3 that the overidentifica-
tion tests can be consistent if other sets of MIIVs are used.
In particular, if all MIIVs are used, then the tests are
still consistent.

Example 2: CFA
Our second example aims to illustrate a case where using
all MIIVs still yields an inconsistent test. Data are generated

Sample size

(a) y§ = Ag1m1 + As2m2 + € in the true model but Ag; = 0 in the hypothesized model

(Y2 Ys) (Y5 Ys)
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(b) ng = bim1 + bans + ¢4 in the true model but be = 0 in the hypothesized model
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(Y2 Y5 Y10) (Y2 Y5 Y10 Y11)
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(d) ng = bim1 + bans + ¢4 and cor((3,(4) # 0 in the true model but cor(¢s,{4) = 0 in the

hypothesized model

Figure 3. Empirical rejection rate of the consistent overidentification tests. The MIIVs used for the overidentification tests are stated in the figure title.
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Figure 4. Path diagram of a confirmatory factor analysis model. The dashed lines are omitted paths in the misspecified models. The starred indicators are ordinal,

whereas the others are continuous. The scaling indicators are always y;, ys, and yo.
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Figure 6. Empirical rejection rate of the goodness-of-fit tests using all MIIVs from the hypothesized models.

from Figure 4 with all paths. The population values of the
cross loadings (421,17 and Ay3,,) are set to

it ) (bend). o

1( var (17, )
2 \ cov(ny, 1)
The population values of the
(cov(eno, €12) and cov(eyy, €12)) are set to

! A
<Va1‘(’73) — iz 1c0v(ny,15) — /112,2C0V(;72,,73)) ( A10,3))
2 11,3
)

which depend on the values of Ay,; and Zj, from
Equation (6). The reasons of choosing such values will be
explained in a later section.

We let y5, ¥4, Y6 Vs> Y10 and yi, be ordinal, whereas
other indicators are continuous indicators. Two

error covariances

misspecified models are considered: one model omits two
cross loadings and another model omits both cross load-
ings and error correlations. In the first model yj to y; will
be selected as MIIVs, and in the second model all indica-
tors except y; and yj, will be selected as MIIVs. Similar to
Example 1 when some cross loadings are omitted, all indi-
cators are invalid MIIVs, due to the correlations
among factors.

In this example, we focus on the equation for yi,. It is
seen from Figure 5 that the overidentification tests are
inconsistent in both models even when all MIIVs are used.
Alternatively, we can estimate the whole model using
MIIV (including the covariance parameters), and apply the
MIIV goodness-of-fit tests developed in Jin et al. (2021). It
is seen from Figure 6 that the goodness-of-fit tests
are consistent.



4. Inconsistency of Overidentification Tests

The starting point of IV regression to estimate 0, in
Equation (4) is the moment condition

Ev*(y* —270,)] =0 ®)

This condition holds if v* is not correlated with the com-
posite error term. The overidentification tests are often
described as testing the validity of Equation (8). Since the
IVs in the MIIV approach are searched from the indicators
in the hypothesized model, violating Equation (8) means
that the model is misspecified. Our numerical examples
above show that misspecification can remain undetected
even when the MIIVs are invalid. In fact, the result that the
overidentification tests are not consistent against misspecifi-
cation is not entirely new, especially in the econometrics lit-
erature. Various studies such as De Blander (2008),
Guggenberger (2012), Newey (1985), and Parente and
Santos Silva (2012) are devoted to inconsistency of overi-
dentification tests.

4.1. Newey'’s Result

Under the assumption that Equation (8) is locally misspeci-
fied, Newey (1985) derived the asymptotic distribution of
the overidentification test. For a better discussion of the
inconsistency, we apply the arguments in Newey (1985) to
the MIIV approach, but without the local drift in the DGP.
Our notations here by and large follow Jin et al. (2021).

Let h(6) = X,,—X,.y(6). The delta method to Equation
(5) indicates that

Oh(o)

Vih(s) = \/ih(e) + = /(s — ) + on (1),

where h(s) = S,,—S,.y(s). By the chain rule, the ith column
in the partial derivative Oh(6)/96” can be computed by

)

ah(a) _ T 1 1 8217/;21/1/1
o, = P(o)ci(6)—Lz(X,.X,, ) d0: h(e), (10)
where P(6) = I-X,, (XX '%,,)'EL X! and ¢;(o) is the
ith colun}n of C(o) (]m/ et al., 2021). Then, we obtain
VnQQ h(s) = /nQ " h(s) and
0o 229 s 51N (0, 007),
OaT
since Q is idempotent, QQfl/ ’¥,, =0, and
Q2p(¢) = QQ V2. (11)
If QQ_I/Zh(a) =0, then
Vi© *h(s) 4N (0, 00),

where the rank of QQT is L - K. If QQ_l/Zh(a') #0, the
expectation of the asymptotic distribution is nonzero.
Newey (1985) assumed that h(e) = n~'/25, for some vector
0. Hence, the asymptotic distribution of F is a non-central
chi-square distribution with L - K degrees of freedom and
non-central parameter oTQ Y ZQTQQA/ 25. The non-central
parameter is zero if and only if QQ /25 =10. In other
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words,

0Q ?h(6) =0 (12)

is a sufficient and necessary condition for the asymptotic
distribution of F to be chi-square. As explained by Newey
(1985), the consequence is that F is not a consistent test if
the IVs are invalid but Equation (12) holds.

4.2. Revised Theorems for MIIV

Because of Equation (11) and P(6)h(s) = h(s), the condi-
tion (Equation (12)) is the same as h(¢) = 0 in the MIIV
approach. Hence, we can revise the conditions in Theorem
1 of Jin et al. (2021) and reach the following theorem. For
ease of presentation, all mathematical proofs are placed in
the Appendix.

Theorem 1. Regardless of the validity of the MIIVs, F con-
verges in distribution to a chi-square distribution with L - K
degrees of freedom as n — oo, provided that h(e) =0
and L—K>0.

Both Jin and Cao (2018) and Jin et al. (2021) assumed
that the model is correctly specified and the MIIVs are
valid, which are sufficient conditions of h(a) = 0. However,
they are not necessary conditions. If a misspecified equation
and invalid MIIVs still fulfill the assumptions in Theorem 1,
the power of F converges to the size, yielding an inconsist-
ent test. The basic idea behind the overidentification test is
that the MIIVs that are uncorrelated with the composite
error term should not explain any variation in the residual
y* 70, (Kirby & Bollen, 2009). Theorem 1 shows that it is
possible that invalid MIIVs do not explain any variation in
the residual y*—Z*él, even though @)1 is not a consistent
estimator of the true value.

Similar to the revised conditions in Theorem 1, we can
revise the conditions in Theorem 2 of Jin et al. (2021) to
attain the asymptotic distribution of Fggen which is
as follows.

Theorem 2. The asymptotic distribution of Fsagan is a
weighted sum of independent chi-square random variables
with 1 degrees of freedom, if h(6) = 0. The weights are the
eigenvalues of T1 = ¢ 2Q"Q2X1Q?Q.

If the degrees of freedom of the overidentification test is
L—K =1, the asymptotic distribution of Fg e, is tr{Il}
times a chi-square distribution with 1 degrees of freedom.
Hence, we expect F and F,, to be asymptotically equivalent.
The following theorem shows that F, F,, and F,, are
equivalent even at the finite sample size when L—K = 1.
Theorem 3. For
that L-K = 1.

Theorem 3 holds regardless of the value of h(q). In the
case where F is inconsistent against model misspecification
when L—K =1, F,, and F,,, are not consistent either. On
the other hand, if F is consistent against model misspecifica-
tion when L—K =1, F,, and F,,, are also consistent.

The theorems above imply that the overidentification
tests for MIIV are not useful when h(g) = 0. We have also

any n, F=F, =F,, provided
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Table 1. Percentage of sets of MIIVs that yield k(6) = 0.

Overidentification degrees of freedom (L - K)

Omitted parameter 1 2 3 4 5 6 7
Agi 2088 330 030 - - - -
b, 28.57 571 - - - - -
cor(ey, &3) 8571 7857 7143 6429 57.14 50.00

42.86

cor((y,(3) 60.00 3143 13.1 429 083 -

seen from Figure 2 that various sets of MIIVs lead to incon-
sistent tests. In fact, all those sets of MIIVs result in h(6) =
0, which can be easily checked in software. We can also
enumerate all sets of MIIVs for the model in Figure 2, and
check whether h(6) = 0 holds. It is seen from Table 1 that
it is common to have h(6) =0 in our SEM model.
However, it is worth mentioning that when cor(ey,&;) or
cor({s,{,) is omitted, there still exist many sets of valid
MIIVs such that 0; can be consistently estimated.

5. Implications

De Blander (2008), Guggenberger (2012), and Parente and
Santos Silva (2012) tried to formulate the hypothesis under
which the overidentification tests remain consistent. In par-
ticular, Parente and Santos Silva (2012) and Guggenberger
(2012) pointed out that the overidentification test actually
checks whether we can find a pseudo-true value 6] of 6,
such that

Ep*(y" —zT00)] = 0. (13)

When the MIIV approach is used to fit a SEM model, the
pseudo-true value 6] corresponds to y(¢) and the moment
condition  (Equation (13)) corresponds to  h(s).
Furthermore, the condition (Equation (13)) is equivalent to
the condition that we can find a vector a such that the lin-
ear system

X,.a=E{') (14)

is consistent (Parente & Santos Silva, 2012). The studies in
the econometrics literature often focus on the case where the
IVs are external. In contrast, the IVs in the MIIV approach
are obtained from the indicators of the SEM model, thus in
an internal manner. The structure of the SEM model allows
us to decompose X, and E(v*e) in Equation (14).
Consequently, we can better understand the implications of
Equation (14) on the omitted parameters in SEM. In this sec-
tion, we will present examples where h(6) = 0 even in mis-
specified models. The scenarios where k(6) = 0 only in the
correctly specified model with valid MIIVs will also be pre-
sented. Similar to the previous section, the technical details
are placed in the Appendix. Throughout the section, we
assume that the elements in # are mutually correlated and
that var(n) is an invertible matrix.

5.1. Measurement Model

Suppose that yi = ATy, + ATy, + &4 in the true model. The
hypothesized model assumes that y; is loaded only on #,,

yielding a misspecified equation if 4; # 0. The scaling indi-
cator of #, is hypothesized to satisfy y; =, + &, but the
correct equation is y5 = Ay, + 1, + Asfj; + &. Then, our
hypothesized model to estimate 4, is in fact

i = ks Fes—hyer + (A — A=A Asny. (15)

We do not exclude the possibility that some MIIVs may
be correlated with a subset of {&,&4} but the correlations
are misspecified. Hence, without loss of generality, we parti-
tion the MIIVs v* into v} and v} such that

vT = Alﬁl +8V,1 and V; = Azﬁz + €y,2> (16)

where 1, (ky x 1) and 1, (ky x 1) are the factors, A; and
A, are of full column ranks, &,; is uncorrelated with
{&,¢4}, and g, is correlated with a subset of {&,,¢4}.

Proposition 1. Consider estimation of Equation (15) and the
MIIVs given by Equation (16). Let ni; = (7 5l yTAT+
nl +niA]) when As #0, or ni = (q" nTAT +yl') when
A3 = 0. Suppose that Ay is of full column rank, that X, is
of full column rank, and that cov(q,,n.,) is of full column
rank. Then, h(e) =0 if and only if A—Ald, =0,
A3T/lz =0, and cov(ey,2, &4) = cov(gy, s, &l ).

Proposition 1 shows that what assumptions are needed in
order for the overidentification tests to be consistent against
a nonzero A;. Besides the full column rank assumptions, if
the hypothesized equation y; = n, + &, for the scaling indi-
cator is correctly specified, then we must have 4, =0 in
order to have k() =0. It can be easily checked that the
sets of MIIVs in Figure 3a and c all satisfy the sufficient
condition in Proposition 1. As expected, the powers of the
overidentification tests all converge to 1, despite that their
small sample powers can differ. It is worth mentioning that
we do not necessarily need the MIIVs to be loaded on the
omitted 7, to achieve a consistent test. The covariance
matrix cov(fj;,nl;) can still have full column rank even
though #, is not included in #, (e.g., using IVs (y,ys) in
Figure 3a).

Because of the condition cov(e,,,&s) = cov(e, s, el)iy,
Proposition 1 also sheds some lights on testing the measure-
ment error correlation. If cov(e, 2, &l ) = 0, then h(s) = 0 if
and only if cov(s, 1, &) = 0. This means that misspecifica-
tion can be detected as long as some MIIVs are correlated
with &. In contrast, if cov(sv,z,szT ) # 0, we can always find
cov(g,n,84) and A such that the linear system
cov(g,,2,€4) = cov(e, 2,6 )4, holds. In other words, there
always exist “lucky” numbers such that h(6) =0 but
cov(ey,,&l) #0 is omitted in the hypothesized model.
Hence, the overidentification tests can be inconsistent if
the error term of the scaling indicator is correlated with
some other error terms but ignored in the hypothe-
sized model.

5.2. Misspecified Latent Regression Model

Suppose that in the true model n; = bly; + bln, + (5, but
the hypothesized model ignores by, yielding a misspecified
model if by # 0. The scaling indicators are hypothesized to
satisfy y; =m,+¢& and y; =1;+ &, but the correct



equations are y; = Ayt + 1, + Axns + Aoatpy + Agstys + &
and y; = 25,1, + Aytly + 3 + Agytly + Asgllg + &3 Then, our
hypothesized model to estimate b, is

szAZI)'Tl

— by Asa)n,—b; Agshis + At
(17)

yi =blys + (5 +es—bley + (BT + AL,
+igt,—b3 Aasns + (Ass

Because of {5 in the composite error, any items loaded
on 13 should be excluded as MIIVs. Similar to omitted fac-
tor loadings, we do not exclude the possibility that some
MIIVs may be correlated with a subset of {3, &, &3} but the
correlations are misspecified. Hence, without loss of general-
ity, we again partition the MIIVs into Equation (16), where
A; and A, are of full column ranks, v] is uncorrelated with
{{5, 8,63}, and v; is correlated with {{3,&,¢3}. A nonzero
correlation between some # and {3 can arise from, for
example, omitted error correlations among { or another
misspecified latent regression equation. See the misspecified
model in the simulation study of Jin et al. (2021) for the lat-
ter case.

Proposition 2. Consider estimation of Equation (17)) and
the MIIVs given by Equation (16). Let n,; be the rows
of (m mr M5 fg M3 (Agy + buds) + s (1 + bady)+
ni AL+ nfAL)" that corresponds to nonzero rows in

1

Rsa—Agy (I + bydz) " (Asz + b2)
—Ays(I+bodzy) (A +b2) |
436
1,

where 1, and 1, are vectors of 1’s that have the same
dimensions as #, and (A21—|—1123bT)n1 (I+/123bT)112
Agatly + Agsns, respectively. Suppose that Ay is of full col-
umn rank, that X, is of full column rank, and that
cov(iy,my) is of full column rank. Then, h(e) =0 if and
only if dai+bi = (A +biig)(I +by23,) " (Ae + b2),
Jas = Ay (I + bodyy)  (Asa +b2),  Ags(I+b2dss) ' (A +
bz) = 0, 136 = 0, and

cov{Aatiy, G3[1 = Agy (T + b2433) ™ (4s2 + B2)]}
= —cov{e, 63 — &r (I + byAL) " (Asy + b))}

Similar to Proposition 1 for the measurement model,
Proposition 2 shows that further assumptions are needed in
order for the overidentification tests to be consistent against
a misspecified b;. Besides the full column rank assumptions,
if we further assume the hypothesized equations for the
scaling indicators are correctly specified, then we must have
b, = 0 in order for h(a) = 0. The sets of MIIVs in Figure 3
all satisty the conditions in Proposition 2, yielding the
expected high power at large samples. Similar to the test for
omitted factor loadings, we do not necessarily need the
MIIVs to be loaded on #, to achieve a consistent test, even
though #, is mistakenly omitted from the model. For
example, the MIIVs in Figure 3b are not loaded on the
omitted #3, but their powers approach one.

Because of the inclusion of Equation (18), Proposition 2
also sheds light on testing omitted latent regression error

(18)
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correlation. However, similar to the previous discussion for
the omitted measurement error correlations, Equation (18)
indicates that, without further restrictions, there always exist
error correlations such that Equation (18) holds but the
overidentification tests are inconsistent. If we further assume
Jp3 =0, A3 = 0, cov(&, 2, &) = cov(g, 2, & )by, and A, is of
full column rank, then Equation (18) reduces to 0 =
cov{n,, (3}, indicating that the overidentification tests
are consistent.

5.3. Assumptions in Propositions

In practice, the conditions in Propositions 1 and 2 are often
difficult to verify, since we do not know #, and %, in prac-
tice. Both Jin and Cao (2018) and Kirby and Bollen (2009)
suggested to use all available MIIVs from the hypothesized
model for the overidentification tests. However, their sug-
gestion does not guarantee the consistency of the tests. Take
the model in Figure 5 as an example. Even though ® is cor-
rectly specified, #, = (11,,17,)" and #,; = (7,15, 115)" violate
the full column rank condition of cov(f;,nl,) in
Proposition 1. Hence, it is possible that the overidentifica-
tion tests are inconsistent. As we can see from Figure 5, the
tests cannot detect the missing factor loadings. In fact the
populations values given by Equations (6) and (7) are
chosen based on Lemma 2 in the Appendix, which is
needed to prove Proposition 1. In particular, Equation (6)
corresponds to 2 'cov(i,,41) = cov(i;,47)4; and Equation
(7) corresponds to 27 Aycov(i, nt) = Agcov(iy, gl ) A +
cov(s,260)  where L= (nm) sy =y 1=
(/112,1 /112,2) , and Az ()»10,3 )~11,3 )T-

The full column rank assumptions in Propositions 1 and
2 are merely sufficient conditions. Violating the sufficient
conditions do not necessarily yield inconsistent overidentifi-
cation tests. However, there is a scenario that is worth men-
tioning. Suppose that hypothesized equations for the scaling
indicators are correctly specified, that all MIIVs belong to
vi, and that #, =n,. Then, cov(f;,nL,) is not of full col-
umn rank, and X,, = Alcov(ﬁl,ng). Hence,

h(e) = P(¢)A cov(ii, 0’ )i
= P(0)X,:[cov (i, 1;)]
in Proposition 1, or
k() = P(o)A cov(if;, n) )b,
= P(0)Zyz[cov(ipy,my)]”

in Proposition 2. Since P(6)X,, =0, we get h(c)=0
regardless of the values of 4; or b;. The MIIVs that lead to
inconsistent tests in Figure 2a, b, and d belong to this par-
ticular scenario. Hence, it is always better to avoid the fac-
tors that the MIIVs loaded on having the same dimension

as ;.

Leov(ipym{ )

‘eov(i1, 7 )b1,

6. Conclusion and Discussion

In this paper, we studied the consistency of the overidentifi-
cation tests for the MIIV approach. In line with the
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knowledge in the econometrics literature, we showed that
the overidentification tests are generally inconsistent against
model misspecification also in SEM. In other words, there
always exist “lucky” numbers such that the overidentifica-
tion tests are not consistent. However, if we are willing to
impose various restrictions that are hard to verify in prac-
tice, the overidentification tests can be consistent against
omitted nonzero parameters in SEM.

The MIIV overidentification tests are actually testing
h(e) =0, which is only a necessarily condition for valid
MIIVs and correct model specification. If we have strong
reasons to believe that the scaling items are correctly speci-
fied, then, under the assumptions in Proposition 1, testing
h(e) = 0 is equivalent to testing 4 = 0 and cov(e,,84) =
cov(g, 2,82T )4, for the measurement model. Likewise, under
the assumptions in Proposition 2, testing h(e¢) =0 is
equivalent to testing b =0, and cov{Af,, {3} =
—cov{e, 2, & —&lb,} for the latent regression model.
Consequently, the overidentification tests are consistent
against missing factor loadings and latent regression paths.
However, the condition of cov(#;,nL,) being of full column
rank is hard to verify in practice.

Both Jin and Cao (2018) and Kirby and Bollen (2009) rec-
ommended to use all available MIIVs from the hypothesized
model for the overidentification tests. We have showed that
their recommendations do not necessarily lead to consistent
overidentification tests. However, their recommendations can
avoid certain scenarios that definitely lead to inconsistent
tests. For example, we have showed that it is always better to
avoid factors that the MIIVs are loaded on having the same
dimension of factors in the hypothesized model. Using all
available MIIVs is more likely to avoid such a pitfall, even
though it is not guaranteed so. As we can see from our
second numerical illustration, using all MIIVs can still miss
the omitted parameters, but the goodness-of-fit tests for the
entire model are able to detect misspecified models.

From our numerical illustrations and theoretical results,
we suggest that the overidentification tests should not be
used alone. They are better used as preliminary diagnostic
tools before fitting the whole model. Failing the overidentifi-
cation tests strongly suggest that some assumptions can be
wrong. However, not failing those tests is not a green light
for a correct model. This suggestion is in line with
Guggenberger (2012) and Guggenberger and Kumar (2012),
who also suggested to use the overidentification test as a pre-
test. It is also worth mentioning that a significant overidentifi-
cation test does not necessarily mean that the hypothesized
model is misspecified. It can also be caused by heterogeneity
in the data (Angrist et al, 2000), e.g., multiple group data
treated as one group. After preliminary screen of the overiden-
tification tests, the whole model should be fitted and the good-
ness-of-fit tests should be carried out. It is also worth pointing
out that, even though the overidentification tests are inconsist-
ent against some “lucky” parameters, the MIIV estimator is
still more robust than systemwide estimators. Hence, it is still
more robust to interpret the MIIV estimator in a misspecified
model, since the MIIV estimator is less likely to spread the
bias due to one misspecification to other parts of the model.
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A modern

Appendix
Mathematical Proofs

In this section, the proofs of the theorems and propositions are pro-
vided. Before we prove the propositions, we first state a result that will
be repeatedly used.

Lemma 1. Suppose that A is of full column rank. Then for any matrix
G, the rank of AG is the same as the rank of G (Bapat, 2012, p. 129).

Proof of Theorem 1. Despite that the conditions in Theorem 1 of
Jin et al. (2021) require correctly specified equations and valid IVs, its
proof only relies on the assumption k(6) = 0. Hence, their proof is
applicable to the theorem with revised conditions. 0

Proof of Theorem 2. Despite that the conditions in Theorem 2 of
Jin et al. (2021) require correctly specified equations and valid IVs, its
proof only relies on the assumption h(s) = 0. Hence, their proof is
applicable to the theorem with revised conditions. =]
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Proof of Theorem 3. Since Q is idempotent, the rank of Q equals
its trace, which is L-K = 1. Hence, the singular value decomposition
of Q is @ = d/*pu”, where d> 0 is the eigenvalue of QQ", p is a L x
1 vector, and u is also a L x 1 vector. Likewise, the spectral decompos-
ition of QQT is QQT = dpp”, since u'u = 1. It can be easily verified
that the Moore-Penrose inverse QQ7 is

G=d'pp". (19)
When L—K = 1, the mean-scaled statistic reduces to
a8y — s‘.é)T S (S, — S..0)
Fn= 12112 :
w005, 10" 0)
Then, F,,—F becomes
N S’l A—1/2 o A—l/2
n(S,y — S,20) R (d'pp")Q
w{0'Q"s 10" 0}
AT A1/2 | a1/2 4
o QS Q R N
(Svy =S 0) - SCQ V2|12 A1/2 o 1/29 - dilQTAIA’TQ l/zsvyf
tr{Q 'S 'Q"0}
where the equality holds since
0'007"%s,, = 5,,-5..0.
Hence, the F = F,, holds if
AT A1/2  Al/2 4
QS0 AT . T A
- NP 1/2? =d'0 pp' Q. (20)
tr{Q°S'Q 0}
By the singular decomposition of Q, we can obtain
QTQI/ZS:IQI/ZQ _ aA ATQI/ZS IQI/ZA AT
" ~1/2 12, @n
=dp'Q’’s;'Q )sz,
1AL

where the second equality holds since [JTQ SWIQ
when L—K = 1. Then

p is a scalar

020y =d(p" 0510 p),

since tr{@zit’ } = tr{a"@t} = 1. Hence, the left-hand side of Equation
(20) reduces to @i’ . Likewise, by replacing all by its singular value
decomposition, the right-hand size of Equation (20) also reduces to
ai”. This proves the first half of the theorem.

To show the second half of the theorem, it suffices to show
[tr{I1})* = tr{IT"}. By Equation (21), we obtain

w{0’05 22)

w1’} = d (075107 p)
since '@ =1 and tr{@td’} = 1. We have already derived tr{Il} in
Equation (22). This completes the proof of the theorem. O

Lemma 2. Consider estimation of Equation (15) and the MIIVs given
by Equation (16). Suppose that X, is of full column rank. Then, h(6) =
0 if and only if there exists a vector a such that

cov([\lﬁl,anA{ +nl + ngAg)a

= cov(Asiy, i — 0 AT Ay — 3 AT dy),
cov(Aatty, 1 AT + 15 + niAl)a + cov(e, 2, ) )a

= cov(f\zﬁz,t]lT/ll - r]lTAlle - 113/\ i) + cov(svyz,84)7cov(svlz,sg)lz.
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Proof of Lemma 2. It is

easily seen that P(o6)=
I-Z,(E" 212 ) 'ET 21 is idempotent. Then, the rank of P(a)

equals its trace, which is L - K. Then, the column vectors in X,, form
a basis for the null space of P(s), since X,; is of full column rank.
It can be easily shown that

v, - (COV(&ﬁI,nTAT s+ '1§A3T)> N ( o )
cov(Azi]g, n{AlT +nl + n§A§) cov(e,,2, &)

> o (COV(Alﬁu'ﬁT}n +'I§12)) i ( 0 )
vy = A= T T :
cov(Axtiyni Ay + 13 42) cov(&,,2, €4)
Since P(a)X,; = 0, we obtain

Plo (cov(/\lr]l,nz) ) = _P(o) (COV(ISI'?U'ITA; + ’73TA§))
cov(Azif, nl) cov(Aatly, i Ay + 5 A;)

P (o))

Hence, h(6) = P(a)X,, can be expressed as
h(s) = P(o)

( chov(ill, AT)Q — 13 AT/lz) >
Ascov(ipy,nldy — n{Alle - 113A lz) + cov(ey, 2, &) —cov(e, 2,80 )iy )

Because of P(6)X,; =0, then h(6) =0 means that the column
space of X,, belongs to the null space of P(s), that is, the column
space of X,,. The proof is completed. O

Proof of Proposition 1. By Lemma 2, there exists a vector a such
that

Avcov(iny, n{ AT +nj +niAT)a = Arcov(iy, oy A — nj Al ks

— i AT dy). (23)

Since A, is of full column rank, the rank of A cov(ij,, i) is the
same as the rank of cov(#;,#};) (Lemma 1). When A; # 0, Equation
(23) can be expressed as

—ATd,

Ascov(ij Al + 1y +niAD)a = Arcovipy, (n]  u})]( LA )
3

By the assumption that cov(ij;, 1) is of full column rank, we must
have }.I—A{lz =0, Aglz =0, and a =0. Consequently, Lemma 2
indicates that cov(g,, &4) = cov(, 2 €%)4. When A; =0, Equation
(23) can be expressed as

Alcov(nl,nlA + n2 +115 AT)a = Alcov(nl,n1 V(A — Alrlz).

By the assumption that cov({;,1},) is of full column rank, we must
have 4,—AT4, =0 and a = 0. Consequently, Lemma 2 further indi-
cates that cov(s,,2, &4) = cov(sv,z,sg)}q. This completes the proof. O

Lemma 3. Consider estimation of Equation (17) and the MIIVs given
by Equation (16). Suppose that X, is of full column rank. Then, h(6) =
0 if and only if there exists a vector a such that

COV(;\IﬁI"II( erl}“23)+’72(l+l’2}v )+'1£A§4+'7 Azs)a

—COV{Aﬂ]l,l]l [}»31 +b1 ( +b11 )(I+b2123) (l32+b2)]}
+C0V{A1'11:'14 [A34 — 24(1 +b2A53) " A3y + b2))

S AL (I + bysy) ™ (Axy + b2) + g Ass}

and

COV(AZ'IZI mn (AZI + bllzs) +1, (I + b2'1 5+ '14TA24 +15 Azs +4 23)

a+ cov(ey & )a = cov{Asiiy n! (a1 + by — (AL, + b 20) (1 + b,20) "

(A32 + b2)]} + cov{ Aaily, il [Ass — Mgy (I + bydby) ™" (Asy + by)]

'l5 (I + b2)"23) 1(’132 +b) + '1?136}

+cov{ Aty (3[1 — AL (T + 8,25) 7 (Jay + B2)]}

+cov{e, s &5 — e (I + bzl;)*l(ln +by)}.

Proof of Lemma 3. Similar to Lemma 2, the column vectors in X,
form a basis for the null space of P(s), since X,; is of full column
rank. Furthermore, it can be easily shown that

X,=

( cov <1~\ o (A21+b 1 123)"""2 (I+b, }*23)""14 A24+'15 Azs) )

cov<1~\2ﬁ2,1ﬁ(A l—l—bll S+t (I+b21123)+r]4TA 4+r];FAT +{5 23>+cov(s\,2z2)

o

cov (;\ 11y (b s (Aot ) Hr Asatarg }*36)
COV(/&zﬁzﬂ{ (l31+b1 )+11§(132+b2 )+']£A34+11§A35>+C0V(/‘2}~]2£3 )+C0V(£‘-’2,83)

Since P(o)X,; = 0, we obtain

cov(ml,nb) ,
- A I+ by
)<COV(Azrlz,rl§) I+ batys)

) ( 10 (Agy + bidg;) + i A, + ni A, )
0' ~
(A 21 (Agy + brdgs) + i Ag, + 13 A25)
0
—P(o) (cov(AzﬁZ, {3)2% + cov(e, 2, 8)) ) ’
Hence, k(o) = P(6)X,, can be expressed as
h(e) = P(o)

<COV{1§1ﬁ1, ﬂ{[l;l =+ bl

o - (AT1 + bll;)(l'i‘bﬂ )_1(132 +b2)]})
cov{ Aty ! 231 + by

_(A .A,_bl/l )(I+bzl 3) 1(132 + b))}

+P(o) (COV{Aﬂh:'M (A4 — Agy (I + badis) ™' (Asa + bz)]})
cov{ Agtip, i} [hss — AL, (I + badl) ™ (Jax + b))}

+P(0) (COV{I:\Iﬁlf —miAgs(I+ b2'12T3)71('{32 +b2) + N Az } )
cov{Asily, = HEASS (T + baAgy) ™" (Asz + o) + g das}
0
Ple) (COV{[\Zﬁzr G- '153(1 + b21§3)71('{32 + b))} )
0
+P(G) ( COV{SV,ZI &3 — 85([ -+ bzl;)il (}.32 + bz)} ) ’

Because of P(6)X,, =0, then h(6) =0 means that the column
space of X,, belongs to the null space of P(s), that is, the column
space of X,,. The proof is completed. )

Proof of Proposition 2. By Lemma 3, there exists a vector a such
that

Aucov (i, n (AL, + buaky) + nl (1 + boaly) + AL, + nf AL, )a

= Ascov{iyy, (ol n, nl,nl)}
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(Agy +bidys) (I +bad;) (A2 +b2), das = Aqy (I + badyy) ™ (A +
by), AL +b3) (A +b) =0, =0, and a=0.
Consequently, Lemma 3 indicates that

Jar+bi—(AS, +b1Ag) (I + baaly) ™ (ds + bo)
Aas—AL (T + by2%) " (4 + b2)
— AL (I +byaJy) " (Js2 + b2)
) Aas ) cov{Asiiy, {1 — A (I + boily) ™ (s + )]}
Since A; is of full column rank, the rank of Alcov(ﬁl,nﬁ,) is the = —cov{e, 2,65 — Eg(1+ bzl; 71(132 + b))

same as the rank of cov(i;,#};) (Lemma 1). By the assumption that -
cov(f, ) is of full column rank, we must have 43 +b, = This completes the proof. O
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